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Lubricant oil degradation is a major cause of failures in transportation machinery such as
pumps, engines, and gearboxes. Proactive oil maintenance techniques such as the off-line oil
sampling for laboratory analysis are not only costly but are also susceptible to various influences
during the oil sampling, transportation and testing. In this study, an on-line oil condition
monitoring system is presented with an integrated predictive prognostic scheme, describing the
evolution in time of the identified fault indicators for purposes of estimating the remaining useful
life of oil in real-time inside the gearbox. The proposed methodology facilitates on-demand
gearbox maintenance rather than the conventional rigid routine inspections, which improves the
ecological and economic efficiency by minimizing the vehicle’s downtime and maximizing
productivity.
One of the challenges of an on-line gearbox lubricant condition monitoring for improved
prognostic accuracy, is the extraction of useful information from signals containing contributions
from many dynamic parameters and embedded noise, while remaining innocuous to the
lubrication system. In this study, extensive theoretical analysis and experimental work has been
conducted to evaluate the lubricant oil degradation as it ages under various operating regimes,
including the origins, propagation mechanisms and the effects of primary contaminants, namely:
oxidative degradation, water and particle contamination.

A monitoring system for particle contaminants in oil has been investigated, a prototype
system has been developed using a Hall effect transducer and prototype system has been
successfully characterized in a simulated gearbox environment. A commercially available multifunctional sensor comprising of a tuning fork resonator, humidity sensor and temperature sensor
has been adapted for oil viscosity, water content and oil temperature monitoring respectively, in
a harsh gearbox environment. The experimental work is presented including a detailed
description of the tests’ set-up and the measurement results. The results have been shown to
validate theoretical predictions and have also been compared against established off-site
laboratory techniques to validate the accuracy of the chosen oil condition monitoring
methodology. The effects of concurrent multiple contaminants have also been investigated to
characterize the susceptibility of the monitored parameters in the presence of more than one
contaminant.
Bayesian probabilistic estimation technique called particle filtering has been applied for
on-line estimation and prediction of an evolving set of parameters by modeling the hypothesis
uncertainty of a dynamic system using recursive filtering algorithms. Physics-based models have
been developed empirically to augment experimental data in order to quantify the relationship
between the identified lubricant contaminants and the gearbox performance metrics.
Mathematical concepts behind particle filtering algorithms have been presented along with the
algorithms implementation. Several case studies have been conducted to simulate various
industrial scenarios to validate the accuracy of the chosen oil condition monitoring methodology
and the robustness of the developed novel physics models in predicting the remaining useful life
using both computer simulation and physical experiments.
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CHAPTER I
INTRODUCTION
1.1

Motivation
The increasing capital costs of vehicles, the quest for longer maintenance intervals and

greater system reliability with minimal downtime and the desire to lessen the mean-time between
failures is compelling machine manufacturers to incorporate robust systems with built-in
diagnostics capability for detecting abrupt and incipient failures. Such diagnostic techniques are
particularly critical in systems that operate in harsh environments such as inside a vehicle
gearbox characterized with large shock and inertial loads, vibration at the gear mesh frequencies,
high friction from sliding contacts and wide temperature spectrum [1]. However, reliable and
cost effective implementations of such diagnostic schemes have always encountered challenges.
For instance, minimal monitoring or wrong-timing can lead to fault signs being ignored which
can result in catastrophic failures, loss of property and even pose safety concerns. Conversely,
too frequent monitoring can incur financial and human resource wastages [2]. This has
necessitated research works on prognostics tools for long-term predictive estimation, describing
the progression in time of the fault signs for purposes of estimating the remaining useful life
(RUL) of a degrading system long before a failure manifestation [3].
The dramatic climatic changes such as global warming have spurned legislations and
regulations for energy source improvements aimed at protecting the environment from the ever
increasing human pollution [4]. These together with the increasing competitive and safety
conscious global markets have given rise to increased demand for high reliability and reduced
1

operating costs of vehicle systems, such as the gearbox, which have triggered exploration and
advances towards new and better gearbox technologies. Some of the emerging technologies have
seen a growing trend towards increased drive comfort, fuel efficiency and low CO 2 emission.
However, the realization of these goals without compromising the gearbox performance or
components lifespan requires prognostics capability with online condition monitoring of critical
sub-systems such as the gearbox lubricant. The lubricant oil degradation is a major cause of
failures in transportation machinery such as pumps, engines, and gearboxes [5]. Analogues to
how a human blood sample can reveal information about a person’s health, the lubricant
condition monitoring can provide critical insights into the gearbox health state through its
tribological properties such as chemical, electrical and physical changes over time. This
facilitates on-demand gearbox maintenance rather than the conventional rigid routine
inspections, which improves the ecological and economic efficiency by minimizing downtime
and maximizing productivity.

1.2

Gearbox Oil Contaminants

The significant factors that can reduce the performance and life expectancy of a gearbox
are closely related to the phenomena of friction and wear, which is regulated by the gearbox
lubrication oil, whereas the operating conditions, such as the engine torque, temperature, driving
habits, etc. influence the lubricant properties and its degradation process. The lubricating oil in a
gearbox is required to serve several important functions that are critical for the optimal gearbox
performance, efficiency and reliability. The primary function of a lubricant is to provide a
continuous film layer between the sliding metal-to-metal contact surfaces by interposing low
resistance to shear, thereby forming a coherent film between gear teeth contacts, so as to
2

minimize friction and wear from the cyclic, high contact and localized stresses [6]. Secondary
functions include cooling via conduction and convection since oil is a good conductor of heat
generated during the meshing of gears, shafts and bearings by providing a heat exchanger
medium. The lubricant oil also provides detergency by transporting debris and dirt away from
frictional contacts, which helps keep surfaces free of deposits.
The lubricant oil quality is affected by its formulation such as the base stock and additive
package, physical and chemical properties as well as the application duty cycle or usage.
Lubricant oil degradation implies a change in the physical, chemical and electrical properties
such as increased viscosity, acidity and conductivity, respectively. The degradation affects the
lubricant film and thus friction and wear, and can precipitate into loss of load carrying capacity
[6]. Therefore, the lubricant properties degradation directly influences gearbox performance,
efficiency, maintenance cost and life expectancy. The main source of gearbox lubricant
degradation is oxidation while the main contaminants include water and particle debris [7]. A
brief discussion of each of the three sources, propagation mechanisms and their impacts on
gearbox performance is provided in the following section.

1.2.1 Particle Contamination and Effects on Oil Performance

The kinematics of gears necessitate sufficient lubrication in order to minimize friction
due to the sliding, high contact, and localized shear stresses from tooth loading by providing a
film layer between gear teeth contacts. Film thickness typically ranges between 0.0025 to 2.5
micrometers [6]. The primary source of particle contamination in a gearbox are metal shavings
or debris from rotating parts such as gears and shafts due to friction from the cyclic, high contact
and localized stresses. Friction inhibits movement between rotating parts which reduces
3

mechanical efficiency, leading to wear. Influenced by vibration, torque and temperature, the
metal-to-metal contact between sliding surfaces undergoes wear. The particle size and density is
often time dependent, for instance, during normal gearbox operation, very fine wear particles
ranging between 1 to 50 micrometers in diameter are generated due to transient effects such as
rolling and sliding velocities, gear teeth contact radius and inhomogeneous surface finish. When
abnormal wear begins, typically from gears and shafts deflections as well as misalignments,
larger particles ranging between 50 to 200 micrometers in diameter are generated [5]. Studies
have shown that there is a strong correlation between particle debris density and gear micro
pitting progression due to rolling contact fatigue, often leading to gear whine [6]. Extreme gear
pitting cases can precipitate into scuffing and even complete tooth fracture.
In a gearbox application, most metallic particle debris are ferrous in nature due to high
iron content in gears, shafts and bearings in a gear drive, although there can be small quantities
of other metals such as copper, aluminum or chromium based on the metallurgical make-up in a
gear drive. Ferrous particles have an impact on the electrical and magnetic properties of oil. For
instance, ferrous particles induce an increase in oil conductivity due to an increase in ion
concentration as compared to unused oil which is non-polar with near zero conductivity [7]. The
conductive particles lead to oil degradation by increasing the permittivity or dielectric constant,
hence weakening the oil insulation characteristics. Metallic particles containing iron and copper
also act as catalysts for the oxidation process. The gradient of conductivity or the time derivative
of the dielectric constant represents the level of particle contamination [8]. The goal of particle
contaminants monitor system in oil is to provide quantitative analysis such as wear particle sizes
and distributions, which helps to identify an onset of abnormal wear. It also provides qualitative
particle identification via microscopic analysis such as scanning electron microscopy (SEM) or
4

atomic emission spectroscopy (AES) to determine the source, cause and possible origin of
particle contaminants in oil. For instance, particle contaminants composition can reveal the
source whereas the particle shape can reveal how it was generated such as due to corrosion,
abrasion, sliding or rolling contacts since each produces a distinct morphology.
Particulate contaminants in oil can also precipitate into secondary failures such as
clogged filters and restricted valve passageways, which can lead to pressure drops and hydraulic
instabilities. Ferrous particle debris ranging from 1-200 micrometers in diameter collected in a
cyclonic gearbox by a magnetic pick-up is shown in Figure 1.1. Macro pitting on a gear tooth
due to particle wear is shown in Figure 1.2. The particle debris in oil typically shows black
coloration and are mostly ferrous in nature due to high iron content hence are typically attracted
onto permanent magnets within the gearbox.

Figure 1.1: Gearbox ferrous debris on a magnetic pick-up (a) top view, (b) side view.

5

Figure 1.2: Gear pitting sample (0.05 inches wide) on a gear tooth.

Particle debris in gearbox are often quantified in parts per million (ppm), which is a
volumetric fraction based unit. Microscopic analysis of particle debris in gearbox oil sample is
shown in Figure 1.3.

Figure 1.3: Microscopic analysis of particle debris size and shape in gearbox oil [5].

6

1.2.2 Oxidization and Effects on Oil Performance

Oxidation occurs when oil is heated in the presence of air. Lubricating oils consist of
long-chain of hydrocarbons with molecular structure. In a gearbox application, the hydrocarbons
are exposed to high shear forces that exist at the gear teeth contacts coupled with prolonged high
temperature exposures making them vulnerable to attack from free radicals [9]. An oxidation
chain reaction is initiated by a chemical reaction through the decomposition of hydrocarbon
compound whereby the hydrogen bonded to carbon is replaced by oxygen from entrained air or
ambient air to form carbon dioxide and water molecules. This can precipitate into a tertiary chain
reaction whereby the oxygen bond in the hydro-peroxide molecules is decomposed further
leading to the formation of carboxylic acidic compounds or hydroxyl group such as colloidal
carbon that gives rise to black coloration and solid deposits such as varnish and sludge due to
polymerization or oil thickening. In extreme cases, these deposits may further oxidize forming
hard carbonaceous materials [9]. The acidic compounds contain electrolytes, which leads to an
increase in oil’s conductivity due to increased number of ions. The hydroxyl group has lower
molecular weight compounds, which can lead to an increase in oil viscosity due to the formation
of insoluble bi-products such as varnish and sludge. These bi-products are sticky in nature and
can result in clogging of filters and restricted passageways leading to decreased component
tolerances over time. Entrained air can lead to oil compression under pressure, leading to loss of
power.
The acidic compounds can also lead to corrosion of internal gearbox components. To
prevent this from happening, additives containing antioxidants are added to stabilize the base oil
by scavenging any radicals before they can cause oil degradation. However, some oxidation can
still occur especially during prolonged exposure to elevated temperatures. For instance, a rapid
7

increase in oxidation often indicates rapid depletion of the oxidant inhibitors within the lubricant
such as due to oil overheating. As a general rule of thumb, the oxidation rate doubles for every
10 OC rise in temperature above 80 OC [10]. Metals such as copper and iron, as well as organic
and mineral acids often act as catalysts for the oxidation process. Samples of unused gearbox oil
and oxidized oil are shown in Figure 1.4. Sludge and varnish formation due to extreme oil
oxidation is shown in Figure 1.5.

(a)

(b)

Figure 1.4: Gearbox oil (a) unused oil, (b) oxidized oil.

Figure 1.5: Sludge and varnish formation due to extreme oxidation.
8

1.2.3 Water Contamination and Effects on Oil Performance

Sources of water contamination inside a gearbox include condensation of atmospheric
humidity, leakage from oil coolers, oil top-ups and water ingress through the seals and vents.
Water contamination in a gearbox lubricant can lead to the displacement of oil film at the gear
teeth contact surfaces, which reduces lubricity by allowing direct metal-to-metal contact between
sliding surfaces leading to excessive friction, wear and eventual gearbox failure. Water also
reduces oil film thickness due to its lower viscosity and solvency characteristics leading to
corrosion. Water can coexist with lubricant oil in dissolved, emulsified and free forms. Dissolved
water is hydrogen bonded to the hydrocarbon molecules, which is a primary constituent of oil
whereas emulsified water is supersaturated water in oil, which has not yet totally separated from
the oil. Free water is supersaturated at a very high concentration such that it forms water droplets
leading to water separation from oil.
Emulsified and free water in oil usually creates a hazy, cloudy or milky appearance
changing the lubricant’s optical and physical properties, which prevents the oil from forming an
effective film between the meshing gears [11]. Water contamination in oil is often quantified in
parts per million (ppm), which is a volumetric fraction based unit. For instance, 5000 ppm
implies volume fraction of 0.5%. The acceptable industry level for water contamination in
engine or gearbox oil is less than 5000 ppm (0.5%), as reported by Jakoby and Vellekoop [10].
Varying concentrations of water contamination in gear oil are shown in Figure 1.6.

9

Figure 1.6: Varying concentrations of water contamination in gear oil.

In gearbox oil, low levels of water contamination less than 0.25% are often the result of
condensation of atmospheric humidity due to cyclical temperature fluctuations based on a
particular drive cycle and usage. Higher water levels greater than 0.25% often indicate water
ingress such as through the seals, breathers and fill caps [10].

1.3

Approach

The gearbox is a complex machine that can facilitate uninterrupted service for thousands
of hours when operating optimally in a healthy condition. For a heavy duty or commercial
vehicle gearbox such as in trucks and buses, this often translates into millions of driving mileage.
Conversely, gearbox failures can incur costly repair charges, decreased throughput and can even
pose safety concerns. For instance, the cost of a truck gearbox repair can exceed over $10,000
[12]. Depending on the type of goods or services hauled, there might be additional expenses to
be incurred due to vehicle immobilization such as replacement fees for perishable goods, towing
charges and lost revenue during downtime.
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Recent trends in lubricant quality prognostics have seen research work of ubiquitous and
autonomous sensor technologies capable of direct integration within a machine with capability of
real time monitoring of the lubricant’s tribology through its properties while in service [9].
However, previous studies have focused predominantly on engine lubricant condition monitoring
with very minimal attention paid to gearbox lubricant condition monitoring. Furthermore, the
lubricant health state has been considered as an isolated entity hence the interrelationship
between the lubricant condition and the gearbox performance has largely been ignored. The
motivation of this research is to develop gearbox prognostics methodology for long-term oil
condition predictions, describing the evolution in time of the fault indicators for purposes of
estimating the remaining useful life (RUL).
One of the challenges of gearbox lubricant condition monitoring for improved prognostic
accuracy is the extraction of useful information from signals containing contributions from many
components and noise based on the available information. In order to use the data collected more
effectively, the significance of every parameter or feature has to be considered. In this work,
physics-based models have been developed empirically to augment experimental data in order to
quantify the relationship between the identified oil contaminants and the gearbox performance
metrics. Bayesian estimation techniques such as particle filtering have been applied for
predicting the remaining useful life (RUL) of oil based on the developed physics models and the
experimental data. Extensive experimental work has been conducted to evaluate the gearbox oil
degradation under various operating regimes and the results have been compared against the
established off-line laboratory techniques. Several case studies have been conducted simulating
various industrial scenarios such as studies simulating oxidative degradation and incremental
water and particle contaminants.
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1.4

Research Objectives
This research work has produced seven high-quality peer-reviewed journals, four patent

publications, two disclosures and one conference publication as highlighted in the list of
publications in Appendix A. The main objectives and key contributions of this study can be
summarized as follows:
1. A detailed review of the primary sources of gearbox lubricant degradation, propagation
mechanism and their effects on the gearbox health state has been presented in chapter 1.
A theoretical analysis of the current state of art in lubricant condition monitoring
techniques including highlights on their limitations are summarized in the next chapter.

2. Design of particle contaminants monitor system has been investigated and a prototype
system developed using Hall effect transducer, constructed and characterized. A detailed
description of the designed monitor system and its application in lubricant condition
monitoring has been provided using both computer simulation and physical experiments.
Adaptation of a commercially available multi-functional sensor comprising of a tuning
fork resonator, humidity sensor and temperature sensor to quantify oxidative degradation,
water contamination and oil temperature, respectively, has also been presented including
a discussion on the sensing principles and the respective signal conditioning.

3. The experimental work has been discussed including a detailed description of the test setup and the measurement results using the designed particle contaminants monitor system,
humidity sensor and the oxidation monitor system. The measurement results have been
compared against complementary data from established off-site laboratory techniques.
The intent was to validate the suitability of the chosen oil condition monitoring
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methodology to accurately and precisely track the three primary contaminants in a harsh
gearbox environment.

4. Bayesian inference statistical technique called particle filtering has been applied for
predicting the remaining useful life (RUL) of oil based on the novel physics models
developed empirically, which have been incorporated with the measurement data from a
suite of multi-functional sensors. The accuracy and robustness of the recursive particle
filtering algorithm in predicting the time to failure has been validated using simulated
oxidative degradation, water and particle contaminants, which represents typical
industrial case scenarios.

1.5

Outline

This study presents a methodology for gearbox prognostics based on health state
assessment via the real-time lubricant condition monitoring by considering the lubricant as a
vital source of information for the gearbox health state. Chapter 1 has introduced the primary
functions of the gearbox lubricant oil, a versatile component which performs several tasks to
maintain reliable and efficient gearbox operation. The gearbox lubricant oil degradation
mechanisms have been presented with emphasis on the three main sources of lubricant
degradation and contaminants including the origins, propagation mechanisms and effects on oil
performance. The motivation, main objectives and contributions of this research have also been
summarized.
The remainder of this dissertation is structured as follows: Chapter 2 provide highlights
on the essential functions of a vehicle gearbox, followed by the literature review on the
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importance of gearbox oil condition monitoring, including a discussion on the conventional
maintenance techniques and their limitations. A comprehensive review of the existing gearbox
lubricant condition monitoring techniques will also be provided. This background facilitates an
understanding for the proceeding chapters, including the chosen lubricant condition monitoring
methodology in facilitating early detection of a lubricant degradation and for providing a
prognostic scheme for long-term predictions, describing the evolution in time of the identified
fault indicators for purposes of estimating the remaining useful life (RUL) of oil.
In chapter 3, a comprehensive theoretical review of the chosen lubricant condition
monitoring methodology will be presented. In particular, a detailed description of the tuning fork
resonator and its application for the lubricant viscosity, density and temperature monitoring will
be provided. Particle contaminants monitoring system will be investigated, a prototype system
developed using a Hall effect transducer, constructed and characterized. A commercially
available multi-functional sensor comprising of a tuning fork resonator, humidity sensor and
temperature sensor will be adapted for oil oxidation, water contamination and temperature
monitoring, respectively, in a harsh gearbox environment. The chapter concludes with computer
simulations to predict the effects of varying concentrations of ferrous debris thickness and the
von-Mises stress loading to determine the maximum deflections of the suspended float within the
designed particle contaminants monitor system.
In chapter 4, the experimental work will be presented including a detailed description of
the test set-up and the measurement results. The measured results are compared with established
off-site laboratory techniques, which provide complementary data to validate the suitability of
the online sensors in monitoring the degradation and contaminants trends and to evaluate the
sensors capability to accurately and precisely track the primary contaminants in gearbox oil. The
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effects of concurrent multiple contaminants will also be investigated to characterize the
susceptibility of the monitored sensors parameters in the presence of more than one contaminant.
In chapter 5, Bayesian filtering techniques will be presented for on-line estimation and
prediction of an evolving set of parameters by modeling the uncertainty of a hypothesis using
recursive filtering algorithms. The Kalman filtering and its variants along with their limitations
will be reviewed. A detailed discussion of particle filtering will be presented for modeling nonlinear systems with non-Gaussian noise by incorporating the available information from system
measurements and the developed novel physics models to identify model parameters for
predicting future system behavior. The mathematical concepts behind particle filtering
algorithms will also be presented along with the algorithms implementation.
In Chapter 6, the application of particle filtering technique for gearbox oil feature
extraction and remaining useful life (RUL) prediction will be presented using the developed
novel physics models and measurement data. Case studies simulating various industrial scenario
conditions will be used to validate the effectiveness and robustness of the developed physics
models for RUL predictions using computer simulation and physical experiments. Qualitative
and quantitative results will provide data to validate the correctness of the recursive algorithm.
Chapter 7 concludes with a summary of the key findings of this research work. The key
contributions to the body of knowledge in the area of gearbox oil condition monitoring are
summarized with a discussion on the research objectives fulfillment. A summary of
recommendations on the basis of the findings and novel viewpoints presented in this work and
potential future studies are proposed.
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CHAPTER II
LITERATURE REVIEW
2.1

Introduction

In a vehicle system, power generated from the engine has to be transmitted to the wheels
in order to support the vehicle propulsion. This is accomplished by an integrated powertrain
system that comprises of the engine, gearbox, transfer case, inter-axle differential, constant
velocity joints, drive shafts, front and rear differentials [1]. Even though the performance criteria
of a vehicle propulsion system requires a wide driveline torque output and speed range, the
optimal engine operating condition lies only in a small torque and speed ranges. A gearbox is
therefore required to provide torque multiplication, as well as coupling mechanism for the power
path transfer between the engine and the vehicle driveline. The fundamental requirements of a
gearbox system can be summarized as follows [2]:
1. The gearbox facilitates smooth engine torque transfer to the vehicle driveline at the
desired speed ratio which enables fuel efficient operation of the engine.
2. The gearbox permits the driver to select different travel speeds for any given engine
speed since torque multiplication is accompanied by speed reduction at the output end
whenever higher driving torque is required at the wheels.
3. The gearbox dampens the engine torque oscillations efficiently to avoid or minimize
rough torque transfer to the vehicle driveline.
4. The gearbox also provides a method for reversing the drive.
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Some of the main internal and external components of a typical heavy duty gearbox that
can be found in trucks and buses are highlighted in Figure 2.1. The external features include the
gearbox housing, input shaft, clutch housing, shift tower, shift controls and output shaft. Some of
the internal components include gears, shafts, synchronizers, bearings and seals.

Figure 2.1: Typical gearbox features showing (a) internal and (b) external components,
Courtesy of Eaton Corporation.

The advent of higher choice of gears in modern gearboxes have allowed for increased
use of the engine’s power band, which facilitates optimized torque output by staying closer to the
engine’s peak power or fuel economy by staying in the most optimal and fuel efficient part of the
power band. However, the increasing demand for high torque density in vehicle powertrains has
seen engine technologies such as gasoline direct injection, common-rail diesel injection and
turbo-charge system produce very high torque densities, which results in a higher moment of
inertia of the gearbox. High torque density also implies more intense power pulses, hence severe
torsional vibrations at the crank output, which can precipitate into backlash, misalignments,
cracks and even breakages of gearbox parts such as gears, shafts and bearings [3]. The
19

fundamental requirements of any type of propulsion system include high energy efficiency or
higher torque output by staying closer to the engine’s peak power, fuel efficiency and low
emissions. However, the main challenge in fulfilling these requirements is an efficient power
transfer from the engine to the driveline, which is highly dependent on the gearbox operating
condition. One of the techniques for increasing the overall vehicle efficiency requires the engine
configuration to operate at low speed with a higher torque curve. However, to cope with the
increased power demands, such a powertrain requires a very high gear shift density from the
gearbox. This demands high efficiency from the gearbox sub-systems such as the lubricant oil in
minimizing driveline vibrations, as well as dampening the oscillations triggered by input torque
pulses from the engine [4].

2.2

Lubrication Regimes
The primary function of the lubricant oil is to minimize friction between sliding surfaces

in order to reduce wear. The lubricant achieves this goal by providing a continuous film layer
between gear surfaces by interposing low resistance to shear, thereby forming a coherent film
between gear teeth contacts so as to minimize friction from the cyclic, high contact and localized
stresses [5]. The kinematics of gears necessitates sufficient lubrication in order to minimize
friction due to sliding and sub-surface shear stresses from tooth loading. However, gear surfaces
are characterized by rough peaks or asperities due to inhomogeneous surface finish and structural
asymmetry. When two gears mesh, the number of teeth sharing the load varies with time hence
the tooth deflection varies. The varying deflection, in combination with an unavoidable mean
deviation from the perfect tooth profile, results in torque variations [6]. Therefore, in the absence
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of sufficient lubrication, the contact only occurs at the asperities which are in direct contact
during the gear mesh, which leads to increased friction and accelerated wear.
Lubricant oil can be classified into three different lubrication regimes based on a Stribeck
curve depending on the amount of direct contact between the surfaces [7]. The three regimes are
mixed lubrication, boundary lubrication and full-film lubrication. The Stribeck curve was
originally developed to relate speed and friction in hydrodynamic bearings and is often used to
describe the relation between the coefficient of friction 𝜇, and a function of the dynamic

viscosity 𝜂, relative rotational speed 𝜔, and the applied load, 𝑃 [7], as shown in Figure 2.2. The

friction coefficient μ, is plotted on the vertical axis of the Stribeck curve while the Sommerfeld-

Number λ, which is a dimensionless number, is plotted on the horizontal axis. The regime
change implies a change of the friction coefficient, μ.

Figure 2.2: Stribeck curve showing the lubrication regimes, adapted from [7].
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Here is a summary of the characteristics for each of the three lubrication regimes:
1. Boundary lubrication is characterized by high frictional coefficient in which the rough
peaks or asperity contacts carry the load between the sliding metal-to-metal contact
surfaces, with a very thin lubricant film separation. Boundary lubrication in gearbox can
occur as a result of heavy loads, restricted contact areas or insufficient oil viscosity due to
shear loss. The high metal-to-metal contact gives rise to high temperature, leading to an
accelerated wear depending on the oil formulation, which includes the base oil and
additive package. Film thickness in this regime is typically about 0.0025 micrometers [8].

2. Mixed or partial lubrication regime is characterized by a very steep negative slope of the
friction coefficient, μ. The lubricant film thickness in this regime is often equivalent to
the asperity contact surface roughness hence the load is partly carried by the asperities
and partly carried by the lubricant film. This gives rise to likelihood of intermittent metalto-metal contact since the surface roughness peaks or asperities are in contact. Film
thickness in this regime typically ranges between 0.025 to 2.5 micrometers [9].

3. Full-film lubrication is characterized by the sliding metal-to-metal contact surfaces that
are completely separated by the lubricant film, which implies that the load between
sliding contacts is carried by lubricant film, therefore friction is mainly determined by the
shear forces in the viscous lubricant. This is the most preferred lubrication regime for
gearbox application since contact surfaces are separated by a continuous oil film thus
minimizing wear as oil adheres to the moving parts. Film thickness in this regime is
typically greater than 2.5 micrometers [10].
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2.3

Gearbox Oil Formulation
Lubricating oils are formulated differently depending on the application, although the

main constituents are the base oil and additives package. The base oils can either be mineral or
synthetic, both comprising mainly of hydrocarbon compound with molecular structure [11]. The
mineral based oils are refined from crude oil while the synthetic based oils are formed by a
chemical process in the lab. The mineral oils can be subdivided into paraffinic, naphthenic and
aromatic oils, depending on the chemical structure of the primary constituent material. Paraffinic
mineral-based oils are the most widely used since they exhibit higher oxidation stability, higher
viscosity index, higher pour point, low volatility, high flash points and low specific gravities
[12].
As a bi-product of crude oil via the refinery process, mineral-based oils contain
impurities, primarily due to the presence of benzene rings with double bonds which lacks full
complement of surrounding hydrogen atoms [12]. Mineral oils are therefore susceptible to
increased oxidization, especially during prolonged exposures to higher temperatures. Mineralbased oil also comprises of non-homogenous molecules that can easily vaporize at higher
temperatures or thicken at lower temperatures. Synthetic-based oils on the other hand are
formulated in the lab at controlled temperature and pressure as well as controlled chemical
composition, which provide the advantages of lower oxidation rate, better lubricity and thermal
resistance as compared to the mineral-based oils.
Additive compounds such as corrosion inhibitors, dispersants, viscosity index improvers
and oxidation inhibitors are usually added to the base oil to modify the lubricant’s performance
and to provide higher load carrying capacity. The contributions of some of the additives are
summarized below:
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Oxidation Inhibitors: Oxidation occurs when oil is heated in the presence of air. As a result of
the oxidation process, both the viscosity and the concentration of organic acids in oil increases
forming varnish and lacquer deposits on hot metal surfaces that are exposed to oil. In extreme
cases, these deposits may further oxidize forming hard carbonaceous materials. Exposure to
entrained air or ambient oxygen increases the rate of oxidation. Metals such as copper and iron,
as well as organic and mineral acids often act as catalysts for the oxidation process. The two
most common oxidation inhibitor additives applied to gearbox oil are peroxy radicals and
hydroperoxides that react with the initiators to form inert compounds or to disintegrate the
oxidative materials forming less reactive compounds [11].

Rust and Corrosion inhibitors: The corrosion inhibitors form a protective film between sliding
metal contact surfaces, therefore prevents corrosive materials such as acidic compounds, which
are bi-products of oxidation, from reaching or attacking metal parts. The film can either be
adsorbed on the metal or chemically bonded to it. Rust inhibitors are compounds having a high
polar attraction or affinity towards metal surfaces. These compounds adhere to the metal surfaces
via physical or chemical interaction, hence forming a tenacious, continuous film that prevents
water from reaching the metal surfaces. Typical rust and corrosion deterrents are alkaline earth
sulfonates and amine succinates that help to neutralize the strong acidic compounds as they are
formed, therefore greatly minimizes rust and corrosive wear [12].

Detergents and Dispersants: Dispersants are chemical compounds such as polyesters and
benzylamides that disperse or suspend sludge or varnish formation in oil due to cyclical
temperature operations. Detergents on the other hand are compounds that chemically counteract
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deposit antecedents that form under high temperature conditions such as magnesium sulfonates
and calcium phenates [13].

Anti-wear and Extreme Pressure Additives: Anti-wear additives are applied to the base oil to
minimize friction, wear, scuffing and scoring under partial lubrication conditions or whenever
full film lubrication regime cannot be maintained. As the oil film thickness progressively
decreases as a result of increased loads or higher temperatures, contact through the oil film is
first made by the surface asperities or irregularities. The frictional coefficient increases when the
opposing asperities within the sliding gear teeth make contact, leading to high temperature and
can even precipitate into arc welding. Anti-wear and extreme pressure additives chemically
reacts with the sliding metal-to-metal surfaces forming somewhat oil insoluble surface films,
which minimizes friction by enhancing the frictional characteristic of the contact surfaces [14].

Viscosity Index Improvers: Viscosity index improvers are long chain, high molecular weight
polymers that function by adjusting the relative oil viscosity disproportionally at various
operating temperatures. For instance, they increase the oil viscosity more at high temperatures
than at low temperatures, hence minimizes the overall changes in viscosity with respect to
temperature. This is due to the change in the viscosity index additive polymer’s physical
configuration with increasing temperature. In cold temperatures, the polymer molecules adopt a
coiled form, which minimizes the cold temperature effects on viscosity. In hot temperatures, the
molecules straighten out, causing the interaction between these long molecules and the oil to
produce a proportionally greater thickening effect [15].

Defoamants: An oxidation chain reaction is often initiated by chemical reaction through the
decomposition of hydrocarbon compound whereby the hydrogen bonded to carbon is replaced by
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oxygen either from entrained air or ambient air to form carbon dioxide and water molecules. By
using silicone polymers that are insoluble in oil, the defoamants help to minimize agitation of oil
resulting in oil foaming. This can accelerate the oxidation process of oil, causing pressure drop in
the lubrication system and a reduction in the heat exchanger efficiency. Defoamant droplets have
high affinity to air bubbles hence either attach themselves or form unstable bridges between
bubbles and merges into larger bubbles, which then rises to the surface of the foam layer leading
to bubble collapsing due to surface tension, thus releasing the entrained air [16].

2.4

Significance of Gearbox Oil Condition Monitor

Gear loads are relatively heavy between sliding metal-to-metal surfaces, which implies
that the gearbox oil is subjected to severe shearing stresses, especially during the load transfer or
gear mesh [17]. Even though the aforementioned additives help to modify and improve the
performance of the base oil, additives depletion still arise due to oxidative degradation or in the
presence of contaminants such as water and particulate debris. The gearbox is expected to
operate over a wide environmental spectrum characterized with shock pulses, vibrations at the
gear mesh frequency, friction and cyclical temperatures [18]. For instance, it is expected to shift
properly during cold weather start-ups at very low temperatures such as -40 OC. At steady state
operation, higher temperatures up to 150 OC can be attained, especially in hot climates or on
steep grades. Extreme temperatures and excessive stresses exerted on the lubricant under load
give rise to the lubricant degradation [19]. For instance, as a rule of thumb, the oxidation rate of
mineral oils doubles for every 10 OC rise in temperature above 80 OC [20].
Lubricant oil degradation implies a change in the coefficient of friction, which can
significantly influence its lubricity due to the hydrocarbon breakdown from oxidation, additives
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depletion or contaminants built up. Such lubricant degradations can lead to property changes
such as increased viscosity and the loss of load carrying capacity or cooling efficiency, which
affects the lubricant’s ability to prevent or minimize wear. Lubricant degradation can also
precipitate into secondary failures such as clogged filters and restricted valve passageways,
which can lead to pressure drops and hydraulic instabilities, reduced gearbox life expectancy and
might even pose safety concerns [21]. Therefore, lubricant degradation directly influences
gearbox performance, efficiency and reliability. Oil condition monitoring via the lubricant’s
tribological properties tracking forms a crucial prognostic tool in gearbox failure prediction and
prevention.
The primary goal of an oil condition monitoring system is to facilitate early detection of
the lubricant degradation and to provide prognostics methodology, describing the evolution in
time of the identified fault indicators as well as for long-term predictive estimation of the
remaining useful life (RUL) of oil. Another goal is to promote extended oil drain intervals,
which for a commercial vehicle gearbox such as in trucks and buses can range up to 500,000
miles [5]. For a complex and expensive equipment such as a gearbox, the price tag for
implementing an on-line lubricant condition monitoring system can be justified. The following
section provides highlights on the conventional oil maintenance techniques followed by a review
of the state of art in online oil condition monitoring techniques.

2.4.1 Conventional Oil Maintenance Techniques
Reactive maintenance is one of the conventional lubricant maintenance techniques widely
used even to date, which often rely on frequent oil level checks through the dip-stick. This
technique can also provide other oil degradation indicators such as discoloration or smell.
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However, depending on a person’s exposure and experience level, this method can be quite
subjective and unreliable. Furthermore, such a reactive maintenance strategy, also called run-tofailure, has a number of limitations. For instance, it provides no advance warning of an imminent
malfunction due to either abrupt shifts or incipient trajectory changes of the degradation
parameters. This implies that an advent of failure may not be discovered until a malfunction
occurs, hence such failures can be quite costly and are often accompanied by secondary
damages. In addition to the increased cost of an equipment replacement, this approach might
even pose safety concerns [22]. This method is almost a kin to not repairing the brakes on your
car, which may save you money temporarily, but suppose they stop working while driving down
a steep grade, is it really worth it? Furthermore, the unpredictability of failures implies that an
efficient planning of maintenance staff and resources can be quite challenging.
Preventive maintenance is another conventional lubricant maintenance technique that
involves a fixed routine repair based on the vehicle mileage or time-based oil drain intervals.
This approach calls for periodic repairs at regular intervals, usually dictated by the equipment
manufacturer [23]. However, such a rigid routine maintenance implies that the lubricant gets
changed simply because that’s what the manufacturer recommends, regardless of the actual state
of degradation or contaminants thresholds. Hence, such philosophy can often be quite costly to
follow since the lubricant may still be in good condition even after the expiry of the fixed
interval. Furthermore, since the recommended repair cycles are based primarily on empirical
estimates and statistics, the lubricant quality or the operating conditions of the vehicle are rarely
factored, hence the equipment can fail unpredictably between repairs. This implies that an advent
of a failure may not be discovered until after the expiry of the fixed interval or a malfunction
occurs, hence failures can be quite costly and might also be accompanied by secondary damages.
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Geographically, there are huge financial impacts due to the oil change intervals based on
the vehicle mileage. For instance, the average gearbox oil change interval in the United States is
about 35,000 miles for passenger cars and 100,000 miles for commercial vehicles such as trucks
and buses, although fleet owners of commercial vehicles in the US are demanding extended oil
drain intervals of up to 500,000 miles [5]. In Europe, the average oil change interval is about
100,000 miles for passenger cars and 250,000 miles for commercial vehicles. Assuming that
100,000 miles and 250,000 miles are more optimal gearbox oil change intervals for passenger
cars and heavy duty commercial vehicles, respectively, approximately an additional 30 to 50
million gallons of oil worth over $300 million are consumed yearly in the United States
excluding the cost of labor [5]. Extended gearbox oil drain intervals are also beneficial for
increased efficiency by minimizing downtime and maximizing productivity, reduced operating
costs and lessening the environmental impacts via reduced oil disposal rate and improved oil
recycling. To achieve these goals, maintaining an optimal lubricant oil condition is essential at
all times.
Proactive maintenance is another common lubricant maintenance technique that involves
an off-line oil sampling for laboratory analysis. Typical off-line laboratory techniques include
ferrography, spectroscopy and filtration [24]. Ferrography is a relatively simple and invaluable
method similar to magnetic chip detection, with a magnetic field that separates metallic wear
debris by particle sizes. Ferrography also involves microscopic analysis such as scanning
electron microscopy (SEM) or atomic emission microscopy (AES) to determine the source,
cause and possible origin of particle debris in oil. This can provide crucial information on failure
onset and the propagation mechanism such as abrasion wear, fatigue or surface corrosion based
on distinct morphology signature [25]. Spectroscopic analysis involves ionization of an oil
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sample using an inductively coupled plasma (ICP) spectroscopy. This excites the atoms into
vapor form, generating visible and ultraviolet light spectrum. Various elements produce various
frequencies in the spectrum. The concentration of an element is directly proportional to the
intensity of light emitted. However, spectroscopic analysis has a limitation based on the particles
size that can be vaporized. For instance, it cannot detect particle debris larger than 10
micrometers in diameter, which limits its effectiveness [24]. Another limitation of such off-line
laboratory techniques is that they are susceptible to various influences during the oil sampling,
transportation and testing. Furthermore, the actual oil condition cannot be determined since the
oil samples are often collected when the vehicle is stationary and the gearbox is in static
condition. They can also be quite expensive with long lag-times between the oil sampling, testing
and results availability which can render them ineffective in timely failure prevention.
Finally, predictive maintenance is another less common lubricant maintenance technique
that involves oil condition monitoring using either in-line or on-line sensors. The predictive
approach encompasses either direct or indirect lubricant’s tribological property changes tracking
via sensor measurements aimed at detecting abnormalities such as abrupt faults through sudden
signal shifts or incipient faults through trajectory changes of the monitored process [26]. In
essence, the efficacy of a prognostic scheme is largely dependent on the amount, timely and
quality of information available for decision making. Therefore, as compared to reactive
maintenance such as oil level checks through the dipstick, preventive maintenance such as
mileage-based or time-based oil drain intervals or proactive maintenance such as the off-line
laboratory techniques, an on-line lubricant condition monitoring provides gearbox prognostics
methodology for predictive maintenance, describing the evolution in time of the fault indicators
long before a failure manifestation. Such information can also be crucial in the determination of
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safe, reliable and cost effective oil drain intervals rather than through rigid routine inspections.
This facilitates on-demand gearbox maintenance rather than the conventional rigid routine
inspections, which improves the ecological and economic efficiency by minimizing downtime
and maximizing productivity. Effective gearbox oil condition monitoring can provide the
following benefits [27]:

1. On-demand maintenance whereby the system can identify degradation propagation with
sufficient lead time to allow for strategic repairs during planned downtimes, thus
minimizing disruptive and unnecessary maintenance costs.
2. Integrated planning and scheduling of maintenance services since the nature of likely
failures are known in advance. This allows for better resource planning such as parts and
labor availability.
3. It also allows for some lead-time to procure parts for the necessary repair work and thus
reduces the need to maintain a large inventory of parts.
4. Improves economic efficiency by minimizing downtime and maximizing productivity
since maintenance work is only performed as needed, which increases productivity.
5. Condition monitoring also provides a quasi-continuous evaluation of the health state of
other gearbox components such as gears, shafts and bearings wear index.
6. Since the degradation parameters are constantly being monitored by a suite of sensors
and tracked over time by an onboard computer, the monitored parameters and the
historical trends can be used to predict future behavior.
7. A predictive maintenance strategy helps to eliminate or minimize the risks of potential
secondary damages from a catastrophic failure.
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8. Facilitates a distributed monitoring system whereby data from the oil condition
monitoring sensors can be extracted and transmitted wirelessly to a remote data server for
analysis at a central location. This provides the added benefit of centralizing maintenance
expertise.
9. If parameters outside the safe operating conditions are detected by the condition
monitoring system, it can signal a vehicle immobilization or shutdown to avoid further
damages.
10. Reduced environmental impacts through reduced oil drain intervals since the lubricant is
replaced only when necessary.

2.4.2 Gearbox Oil Condition Monitoring Techniques
The availability of relatively low-cost digital computers designed for industrial
applications and the rapid increase in microfabrication technologies have given rise to the
development of compact, intelligent, and integrated sensing systems with enhanced functionality
for on-line condition monitoring for instantaneous analysis and predictive maintenance [28]. In
the recent past, developments in novel lubricant monitoring sensors have focused mainly on
lubricant condition monitoring through direct and indirect tribological property changes tracking
via sensor measurements. For instance, Beck and Johnson [29] reported the use of ferrography to
monitor particles present in diesel engine oil over thirty years ago. Many reports have since
followed on the application of ferrography and spectroscopic analysis such as the development
of real-time wear debris monitoring in a diesel engine by Yan Liu, et al., [30]. This system
comprised of a shaft torque moment and rotational velocity measurements and was capable of
detecting wear particles density in oil using an on-line ferrography for engine application.
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However, the method failed to address other lubricant degradation mechanisms such as oxidation
and water contamination. The following section highlights some of the most recent on-line
sensor technologies that have been applied for online oil condition monitoring.

2.4.2.1 Capacitive Sensors
Capacitive sensors have been applied towards monitoring relative oil degradation by
monitoring the capacitive change between parallel plates. The sensor structure often consists of
two parallel electrodes, separated by a non-conductive dielectric material such as the lubricant oil
or air between the dual electrodes. When a dielectric material such as particle debris is
introduced between the dual plates, the effective electrical field decreases due to the polarization
of molecules inside the material. This neutralizes the charges on the capacitor’s electrodes
leading to an increase in capacitance between the parallel plates [31]. The change in capacitance
is measured in Farads and can be expressed as follows: 𝐶 = (𝜀0 𝜀𝑟 𝐴)/𝑑, where 𝜀0 is the dielectric
constant in vacuum, 𝜀𝑟 is the dielectric constant of the material between the electrodes, A is the

surface area of the electrode plates and d is the distance between the two plates [31]. Permittivity
(𝜀) relates the strength of the electrical field formed between the electrodes and the charges on
the electrodes of the same capacitive system. Therefore, permittivity is the measure of a
material’s resistance to the formation of an electric field.
When an excitation voltage is applied across the dual terminals of the capacitive sensor,
an electrical energy is stored within the conducting plates until the potential difference across the
capacitor matches with the source voltage. Equal but opposite charges are spread evenly over the
entire surfaces of a parallel plate capacitive sensor. The electric field lines originate from the
region having higher voltage potential charged plate and end at the lower voltage potential
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charged plate [31]. The fringing effect, a phenomenon in which electric field lines spreads out
into the surrounding medium, occurs in the proximity of the parallel plates edge. This can affect
the accuracy of measured capacitance changes depending on the application. The field lines
density in the fringe region is less than fields directly underneath the plates since the density of
the lines having same potential is proportional to the field strength. This results in weaker field
strength in the fringe region and often registers as subtle contribution to the overall measured
capacitance. The schematic of a parallel plate capacitive sensor is shown in Figure 2.3. This
schematic highlights the dual conductive sensing electrodes, separated by a gap distance, d, and
an excitation voltage. The change in capacitance is read, amplified and low pass filtered by the
signal conditioning circuitry.

Figure 2.3: Schematic of a parallel plate capacitive sensor.

The lubricant oil itself acts as a dielectric material, and the working principle of the
sensor is based upon tracking changes in the oil’s permittivity. The permittivity of contaminants
such as metallic particle debris, water and acidic compounds in oil are much different from the
permittivity of oil in which they are suspended in. Therefore, the overall changes in oil
permittivity can be reliably quantified as a function of contaminants present.
Capacitive sensing techniques have been applied widely in oil condition monitoring for
the past few decades, such as in quantitative particle debris density determination in oil. For
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instance, Kim et al. [32] employed Thompson-Lampard theorem to design a capacitive sensor
for measuring changes in oil permittivity or dielectric constant. The study showed that the
permittivity of engine oil increased as a function of the cumulative mileage and the proposed
sensor was capable of tracking miniscule capacitance changes. Na et al. [33] designed an interdigitated capacitive sensor based on semiconductor technology to monitor changes in
permittivity of engine oil. This study concluded that the measured permittivity reflected changes
in conductivity of engine oil hence the fabricated sensor could track the degradation of oil as a
function of permittivity.
Turner and Austin [34] reported a study in which changes in the dielectric and magnetic
properties were assessed to quantify the degradation of engine oil using a parallel plate capacitor
constructed using brass discs with 1 mm separation on a nylon core. The relationship between
the lubricant degradation based on the accumulated mileage and lubricant viscosity was also
analyzed. The magnetic susceptibility balance reading was used to quantify changes in the
magnetic permeability of oil. This study resolved that the magnetic permeability of oil fluctuated
as the lubricant degraded, but the measurements were poorly correlated with changes in oil
viscosity hence this technique could not reliably be applied in oil condition monitoring. On the
other hand, the dielectric property of oil was reasonably well correlated with oil viscosity, and so
the study proposed that this could form the basis of a useful sensing technique.
Even though capacitive sensors use relatively simple sensing structures, the measured
capacitance reflects not only the permittivity or dielectric property changes in oil due to particle
contaminants but also the dielectric properties changes due to the presence of other contaminants
such as water and the level of oxidation. Therefore, this sensor cannot discriminate or resolve the
dominant contaminant in oil. Additionally, capacitive sensors cannot detect non-conductive and
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non-metallic particle debris, which limits their applicability in a gearbox environment.
Furthermore, the above studies discovered that the monitored change in capacitance was quite
miniscule, often in the picofarads or femtofarads range, which implies relatively low signal to
noise ratio due to parasitic and stray capacitance between the capacitive plates, cables and the
signal conditioning electronics.

2.4.2.2 Vibration-based Sensors
Change detection in a signal’s dynamic properties has been applied widely in signal
processing, navigation and control. In typical systems, measured signals are repetitive with
oscillations that are both harmonic and stochastic in nature. Therefore, deviations that are
correlated to faults in the process can be extracted by signal processing techniques such as
spectral analysis, filtering and time synchronous averaging techniques to detect abnormalities,
such as abrupt faults through sudden signal shifts or incipient faults through trajectory changes of
the monitored process [35]. Vibration monitoring is one of the most common condition-based
techniques employed for faults identification and predictive maintenance using displacement,
velocity or acceleration sensors during machine operation [36]. However, accelerometers are
often chosen to maximize the relative amplitude response due to a wide range of frequencies
expected in the gearbox, structural asymmetry and the high vibrational amplitudes, especially at
the gear mesh frequencies and its harmonics.
The schematic of a capacitive accelerometer is shown in Figure 2.4. Capacitive
accelerometers are based on the precept that the capacitance change is proportional to the applied
proofmass deflection, as shown in the schematic below. When a deflection occurs, the proofmass
moves with respect to the moving frame of reference. The displacement is resolved as a function
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of the capacitance change between the proofmass and the adjacent fixed electrodes. The signal
conditioning circuitry detects the change in capacitance and provides an equivalent electrical
output signal.

Figure 2.4: Schematic of a capacitive accelerometer.
In general, data collected from vibrational accelerometers represent random vibration.
This implies that it may not be expressed using an explicit mathematical relationship. However,
the reliability assessment models based physics-of-failure necessitate that the random vibration
data be expressed in terms of its power spectral density (PSD) [36]. The PSD defines the
frequency content of the vibration in terms of its mean square value over a frequency range.
Therefore, Fourier Transform analysis is often applied to translate the acceleration data from the
frequency domain to time domain, and vice versa. The result of the Fourier Transform analysis is
usually a plot of power or amplitude as a function of frequency. However, data collected in real
life is sampled and not continuous. Therefore, Fast Fourier Transform (FFT) is often employed
to analyze discrete or sampled data [36].
Accelerometers are often cheap, miniaturized and less susceptible to ambient noise,
which allows them to be mounted close to the vibration source hence minimizing the signal
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transmission path. As the sensor moves relative to an internal inertial mass, stress changes are
monitored in the form of an electrical output signal proportional to the resultant force by use of a
monitoring device such as a piezoelectric crystal [37]. Vibration data can be collected in a few
different methods, such as a bump test while the gearbox is inert to determine the transfer
function of the housing or during transient operation. However, steady state uniform time
sampling is the most common type of vibration measurement technique [36].
In a gearbox application, when two gears mesh, the number of teeth sharing the load
varies with time hence the tooth deflection varies. The varying tooth deflection, in combination
with an unavoidable mean deviation from the perfect tooth profile, results in torque variations.
This gives rise to vibrations at the gear mesh frequency and its harmonics [36]. Localized defects
can also give rise to additive torque impulses which can excite resonances in the transfer path
between the defect and the sensor. Examples of such defects are misalignments, backlash and
small cracks in gears and shafts. Due to the non-linear and stochastic nature of these complex
faults, it is often a challenge to diagnose systemic failures using conventional signal processing
techniques either in the frequency domain or time domain. Furthermore, other noise sources such
as environmental factors, poor roads, and vehicle system electrical noise are often embedded in
the signal of interest, at times sharing the same frequency spectrum [36]. This makes it quite
challenging to eliminate such interference by using classical filtering techniques. The transfer
functions are difficult to predict but they can be useful since resonances can amplify interesting
signal components. Thus, the accelerometer positioning becomes crucial for detecting possible
defects in form of vibrations produced at the gear mesh frequency and its harmonics that are
transferred to the accelerometer via shafts, bearings and the gearbox housing.
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2.4.2.3 Acoustic Sensors
Acoustic sensors work on the principle that particles debris, water, air bubbles and
lubrication oil reflect high frequency acoustic waves differently. The reduction in the amplitude
of the reflected acoustic signal is proportional to the dimensions of the contaminant present in oil
[38]. For instance, a microphone is one of the acoustic transducers that have been applied in
machine health condition monitoring to measure acoustic energy radiating from vibrating
machines such as inside the gearbox. Microphones are non-invasive and do not require close
proximity to the test object hence a single microphone can capture acoustic information from a
large machine. However, microphones are susceptible to ambient noise which lowers the signal
to noise ratio hence special signal conditioning techniques are often required to extract the fault
symptoms from additive noise [38].
Micro acoustic devices have also been successfully applied for various sensing
applications utilizing sensitivity of the oscillating surface with respect to mass loading [39].
Typically, acoustic waves propagate and interact with the surrounding medium in such a way
that the degree of interaction or the properties of the medium can be detected as a function of the
characteristics of the acoustic or electro-acoustic field in the sensor itself [39]. The sensors
behave as acoustic waveguides, which depending on the configurations, can be made responsive
to a wide range of physical quantities such as applied force, pressure, stress, temperature, added
surface mass, density and viscosity of surrounding fluids. For instance, bulk acoustic wave
(BAW), in which the traveling wave propagates through the interior of a sensitive substrate or a
surface acoustic wave (SAW), in which the traveling wave propagates on the surface of a
sensitive substrate. For SAW, the maximum amplitude is at the surface and decays as the
distance from the surface increases. Examples of SAW include Love waves, in which the
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direction of propagation is parallel to the surface or Rayleigh waves, where the direction of
propagation is perpendicular to the surface [39].
When an acoustic emission signal is generated by a source, the stress waves radiate
typically in the frequency range from 100 kHz to 1.2 MHz and propagate to the boundaries of the
structure. The stress waves can either be dissipated or reflected back into the structure,
depending on the composition, size and shape of the material. At any point on a surface, arriving
waves can undergo refraction, scattering, and attenuation [40] and can be reflected once or more
at the boundaries, all of which makes signal interpretation difficult. Acoustic emission waves
propagate in solid media in four classes: longitudinal waves, shear waves, Rayleigh waves and
Lamb waves [41, 42]. The wave modes constitute a complete orthogonal set of eigen-functions,
which implies that each one propagates independently without losing energy in relation to the
others [43]. Longitudinal and shear waves are plane waves and are the only ones which
propagate in infinite media. The particle movement in the longitudinal wave in isotropic
materials is parallel to the direction of wave propagation but in shear waves it is perpendicular,
as illustrated in Figure 2.5.
Longitudinal waves are faster than shear waves because the elastic modulus is greater
with that kind of deformation. Rayleigh waves propagate in media considered to be semi-infinite
and require a free surface. The velocity is slightly lower than a shear wave and the particles
move in ellipses. Lamb waves are plane waves in an infinite medium and the particles move in
ellipses during its propagation [42]. The Lamb wave velocity varies with frequency, a
phenomenon known as velocity dispersion [41, 42, 44]. There are two families of Lamb waves
which are essentially coupled surface waves, are symmetric (often known as extensional waves)
and asymmetric (often known as flexural waves). Both wave modes propagate at various speeds
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depending on both frequency and plate thickness. The extensional mode has lower amplitude
than the flexural component and occurs as a small amplitude precursor to the larger flexural
wave. In practical situations, the acoustic emission energy is carried in one or more mode and
each mode can be converted to another mode at a boundary. It is not common to treat acoustic
emission waves as pure modes hence in many applications, the acoustic emission is treated as a
packet of mixed frequency propagating at a specific group velocity [44]. Examples of acoustic
wave types are shown in Figure 2.5.
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Figure 2.5: The main acoustic wave types: (a) dilatational wave, (b) distortional wave
and (c) Rayleigh wave, adapted from [44].

Acoustic-based sensors are often cheap, light weight and miniaturized. This has seen the
application of acoustic emission in industrial settings such as in detecting cracks in structures or
shock pulses from rotating machinery. However, acoustic analysis is not as widely used in
comparison with vibrational analysis for condition monitoring in gearbox applications. This
stems from the difficulties associated with extracting useful information from signals having
high noise content, and the fact that the acoustic transducer can be easily influenced by the local
environment [38]. Furthermore, this technique is quite sensitive to the transducer positioning
since it is susceptible to acoustic emissions from background sources and the signal attenuation
varies with the lubricant temperature.
Acoustic waveforms are also susceptible to attenuation due to viscous effects in the
transmitting medium, refraction when passing from one medium to another, reflection from
structural features, scattering and mode conversion [39]. Other challenges include threshold
selection and filtration, since high settings minimizes the detectability whereas low settings can
mask the identification of the acoustic emission, especially during a fault. Additionally, there can
be limitations in the linkage of a particular tribological event with the monitored parameter, since
a number of competing tribological events can occur simultaneously. For liquid level and liquid
condition sensing, special wave-types have been employed in the past so as to avoid undesirable
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radiation losses resulting from the excitation of compressional waves in the liquid, which
decreases the quality factor and can lead to impractical or undetectable signal levels [39]. This
can be done either by using shear polarized waves, which do not couple to compressional wave
modes or by using very slow waves.

2.4.2.4 Optical Sensors
Optical sensors have been employed for monitoring oil contaminants based on an optical
signal distortion or transformation such as changes in refractive index, absorbance, transmittance
and color intensity. One of the common optical sensors is the fiber interferometer sensors [45].
Interferences occur between different longitudinal modes in a fiber micro-cavity, or between
different transverse modes within the fiber core. The interferences are extremely sensitive to
external perturbations such as temperature, strain, pressure and ambient refractive index (RI)
changes. The RI can be accurately interrogated with optical spectrum analyzer in broadband
cases, or photodiodes in narrow band cases [45]. One of the most widely adopted fiber
interferometer design is the double-taper modal interferometers, as shown pictorially in Figure
2.6. In this design, two fiber tapers are made using a fusion splicer. The first taper abrupt the
single-mode light propagation and generates high-transverse-order modes in the fiber cladding.
The second taper collects the modes and interferences can be seen in the transmission spectrum
[45]. A schematic of double-taper modal interferometer is shown in Figure 2.6.
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Figure 2.6: A schematic of double-taper modal interferometer, adapted from [45].

Fiber grating based level sensors has been demonstrated in recent years with different
techniques employed to discriminate between gas and liquid phases. For example, fiber Bragg
grating (FBG) was mounted on a bending cantilever beam to monitor the liquid level
mechanically [45]. Etched FBG [46] have also been demonstrated by monitoring abrupt
refractive index (RI) changes cross the liquid and gas interface. Recently, modal interferometer
based in-fiber sensors have been demonstrated for accurate liquid RI measurement [47]. In these
applications, interference was induced by coupling guided lights in and out the fiber core mode
into fiber cladding modes. The cladding mode phase shifts due to RI changes in the evanescent
field resulted in the spectral shift of the interference patterns.
As compared with traditional electrical oil condition monitoring sensors, optical fiber
based sensors offer many advantages such as non-conducting property which offers immunity to
electromagnetic interference (EMI) and are corrosion resistant. They also present the ability to
perform multi-point and multi-parameter measurements with a single device in harsh
environments. However, despite their advantages, they have a number of limitations. For
instance, the preparation of an optical fiber device such as fiber gratings involves costly and time
consuming processes including photolithography, photosensitization, UV radiation and postannealing. Moreover, the level sensing range is often limited by the short physical length of the
fiber gratings, which are mostly used as discrete sensors [47].
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Some of the optical techniques applied in oil condition monitoring include surface
plasmon resonance (SPR) and statistical optical analysis. For instance, Aghayan [48] applied
surface plasmon resonance technique to detect presence of water, gasoline and coolant in engine
oil based on attenuation of surface plasmon by monitoring changes in the resonance angle and
reflectivity. In this study, an optical input from an incoherent light source was transmitted
through the lubricant in a microfluidic channel, and the transformed or distorted optical output
was captured by a receiver located on the other side of the microfluidic channel. The proposed
sensing methodology was shown experimentally to be capable of distinguishing a lubricant with
1% to 5% coolant as well as gasoline and water contamination.
The content of micro-particles in light lubricant products was studied and investigated by
Bilyi et al. [49] using an optical sensor. The sensor design was based on an optical absorption
spectroscopy to monitor lubricant contaminants in an aircraft engine. The sensor was based on
the principle of light scattering in a flow cell. The counting zone in the cell was formed by a light
scheme based on a monochromatic light source whose wave length exceeded the absorption
bandwidth of the monitored lubricant. The analyzed liquid with the help of an automatic bin,
crossed the counting zone resulting in an impulsive change of light flow proportional to the
particles dimension. Light impulses were converted into an electrical output signal using a photo
detector and were then registered by the amplitude detector in parallel memory bands. The
particles concentration was determined by the frequency of impulse appearance in the memory
band.
Scott et al. [50] investigated the design, prototyping, and characterization of an optical
microsystem for measuring the chemical properties within the engine lubricant such as soot,
solid particles, water and coolant using an optical sensing methodology. Bulk fused silica was
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used as the sensor substrate. A three-dimensional micro fluidic circuitry was incorporated sideby-side with three-dimensional wave guided optical networks. The sensor system consisted of
several optical methods such as absorption measurement, near-UV absorption, scattering,
interferometry, and fluorescence measurement to monitor soot, chemical degradation, presence
of solid particles, water contamination and coolant, respectively. The author concluded that the
online vehicle lubricant condition monitoring is far from a mature technology and requires more
investigation.

2.4.2.5 Electrochemical Impedance Spectroscopy
The electrical impedance spectroscopy (EIS) involves a frequency scan with a range of
different orders of magnitude in frequency. Electrical impedance, or simply impedance,
represents the response of a circuit to a time varying excitation or a measure of opposition to an
alternating current (AC). The impedance measurements over a suitable frequency range provide
results that can be correlated to the physical and chemical properties of the monitored liquid. The
system’s impedance is resolved by computing the differences between the applied excitation and
the response. Typical frequency range for oil measurements is from 10-1 [Hz] ≤ f ≤ 106 [Hz] over
which AC impedance bridges can be used [51]. The electrical AC impedance represents the
response of the circuit to a time varying excitation, which can either be voltage or current.
At low frequencies, the charge-transfer resistance (R CT ) which is inversely proportional
to the electrochemical of the electrode’s reactivity at the interfacial can be measured. Therefore,
at low frequencies between 10-1 [Hz] < f < 103 [Hz], the imaginary impedance measured
determines the content of surface active additive components. The resistance of the bulk oil layer
(R BULK ) can be determined since it reflects the resistance of the monitored oil at high frequencies
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[51]. At high frequencies f > 104 [Hz], the permittivity measured correlates with the
polarizability of the lubricant affected by the contaminants. For instance, an EIS analysis based
on the continuous monitoring of the high-frequency bulk resistance based on the low-frequency
charge transfer region on the impedance diagram relating real (Z REAL ) and imaginary (Z IM ) parts
of the electrochemical impedance was studied by [52]. Analysis of the EIS data revealed a
complicated, pattern of changes for both bulk and charge that were time-dependent transfer
semicircles for fresh and used oil samples. The EIS measurement for this data was made using an
applied AC potential of 500 mV without DC bias. R BULK increased due to immobilization of
charge carrying detergents as a result of water entrapment inside the inverse micelles. The
complex kinetics of water-oil interactions, which combines several interdependent mass
transport and charge transfer processes, were responsible for the time dependent changes of
R BULK and R CT values.
A representative electrical model of an EIS is shown in Figure 2.7. This circuit illustrates
the electrochemical nature of the EIS oil-electrode system. In Figure 2.7, 𝑅1 and 𝑅2 represent the

charge transfer resistance at the two electrodes, while 𝐶𝐷1 and 𝐶𝐷2 characterize the double layer

capacitance at the electrodes [53]. 𝑅𝐵𝐵𝐵𝐵 is the bulk layer resistance of the lubricant whereas 𝐶𝑃

is a physical capacitance of the sensor. The 𝑅𝐵𝐵𝐵𝐵 value depends on the total acid number (TAN)

and total base number (TBN) values of an oil sample. According to Smiechowski [53], the
electrical model could be developed using a tabular register comprising of combinations of
values of the equivalent model and the known exploitation characteristics of a particular oil
brand such as oil viscosity.
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Figure 2.7: An equivalent electrical model for electrochemical impedance spectroscopy.

Almost all liquids are capable of passing current (I) when a voltage is applied to it [54]. If
the applied voltage (V) is variable or an alternating current (AC), the impedance is the ratio of
V/I. For instance, Lvovich and Smiechowski [55] examined the applicability of an
electrochemical impedance spectroscopy (EIS) for the analysis of an industrial lubricant,
focusing on establishing the relationship between the lubricant chemical composition and EIS
data. The impedance data was acquired using resistance (R), inductance (L) and capacitance (C)
measurements or an RLC meter, at a variable frequency range from 20 Hz to 600 kHz and an
oscillator amplitude of 20 Vrms. The resistance (R) and the reactance (X) were measured at 24
different frequencies. The results showed that an EIS is suitable for predicting different
contaminants in engine lubricant. However, the study also resolved that an instrumentation setup incorporating temperature regulation and the use of lower frequencies could help improve the
accuracy of the measured results.
Wang [56] developed a model to correlate AC impedance sensor output to key engine
lubricant parameters such as total base number (TBN) and total acid number (TAN). Based on
this model, a degraded engine lubricant was monitored and resolved that the sensor output
measurements were inversely proportional to the oil’s viscosity and directly proportional to the
concentration of acidic compound bi-products. The model accuracy was verified experimentally
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by mounting the sensor in engine dynamometer to quantify the degraded engine lubricant by
comparing the sensor output measurements with the model predictions. It was also discovered
that the model correlated the key engine lubricant parameters with the sensor output as long as
the lubricant sample’s viscosity did not exceed five times its original value when the lubricant
was fresh. The verification of this model demonstrated that the sensor output increased during
the rapid increase in acidic decomposition, which corresponded with the increase in oxidation of
the monitored engine lubricant.
The above experiments were conducted using an impedance analyzer. Electrochemical
data were generated using varying degrees of lubricant degradation during the engine field tests.
Impedance spectra for lubricants were analyzed over a wide range of temperature conditions,
electrode geometries, potentials and degradation states. Analyses of the spectra were classified
into high, medium and low frequency regimes. The modeling and analysis of the EIS data as a
function of changes in adsorption, diffusion, bulk and charge transfer resistances, capacitances
and constant phase element (CPE) parameters allowed an oxidation monitor of a given lubricant.
The conclusion of this study was that single impedance measurement could not reliably detect
the presence of fuel, oxidation or nitration byproducts in engine oil.
Another limitation of the EIS technique is that the electrical AC impedance
measurements performed on any lubricating oil requires calibration of the measurement cell. For
instance, after performing an EIS measurement, the sensor runs a series of algorithms to extract
oil quality information from the gathered data. This process includes feature extraction and
classification processes. The resulting features provide linkage between an impedance
measurement and the actual fluid property changes. However, this process can be quite resource
intensive. Such sensors are also highly susceptible to large errors due to incorrect calibration.
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2.4.2.6 Ultrasonic Sensors
Ultrasound is an oscillating sound pressure wave typically at a frequency greater than the
upper limit of the human hearing range. The signals picked up by ultrasound transducers will
generally be of high frequency, typically between 100 kHz to 2 MHz, and are often a complex
mix of transients [57]. For instance, the technique includes sudden and transient elastic energy
waves generated by the rapid release of strain energy caused by deformation, damage or failure
mechanisms such as fatigue crack propagation within or on the surface of a material.
Ultrasonic sensors detect attenuation in the sound wave intensity due to wave scattering
or absorption in the signal transmission path in a given media such as solids, liquids or air. One
application of the ultrasound technology is for monitoring the presence of wear debris in
lubricating oil such as solid particulate debris. The system typically consists of an ultrasonic
transceiver in which an ultrasound wave is transmitted and the receiver picks up the echo, a
technique similar to the Doppler effect. The receiver is usually oriented such that it only detects
ultrasound scattered by oil-borne solid particles. The received wave therefore attenuates based on
the contaminants present. Particle debris present within the path of the propagating ultrasonic
wave decreases the amount of ultrasound wave energy received by the sensor due to wave
scattering or absorption [57]. The schematic of an ultrasonic monitoring device is shown in
Figure 2.8.
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Figure 2.8: Schematic of an ultrasonic monitoring device [57].

Unlike capacitive based sensors, an ultrasonic transceiver is capable of detecting both
conductive and non-conductive particle debris in oil. For instance, Sarangi [58] presented a
methodology for detecting particulate debris in a machinery oil system using an ultrasound
technique. In the ultrasound measurement structure, an oil tank was placed between an ultrasonic
transmitter and receiver. The amplitude of the reflected waves was found to be proportional to
the size and shape of the particle debris. The experimental results showed that the ultrasonic
method could detect ferrous, non-ferrous and non-conducting particles in oil. However, it was
also discovered that one limitation of this technique was the minimum detectable particle size of
about 100 µm in diameter. This study also concluded that specific material type or composition
of the particle debris could not be identified. Furthermore, certain lubricating oils were found to
induce severe ultrasonic wave attenuation, which resulted in poor sensitivity.
It is also possible to use the ultrasonic waves to develop an acoustic viscometer. This
technique relies on precise measurement of the reflection coefficient using a trapezoidal-shaped
buffer for wave reflection, wave redirection or focusing, which is connected to the ultrasonic
transducer and the lubricant interface. The reflection coefficient can then be applied to compute
both the viscosity and density of a lubricant [59]. The phase velocity of the lubricant can be
measured by the response of the transverse wave that is propagated through the lubricant while
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the viscosity is often estimated based on the response of the generated shear wave. However,
they are also susceptible to a number of limitations. For instance, the reflected signal attenuation
varies with the lubricant’s temperature. Furthermore, in order to determine the oil viscosity
within an acceptable error level, the lubricant density must first either be known or measured.
Such sensors are also highly susceptible to large errors based on either incorrect calibration or
misalignments. It can also be susceptible to acoustic emissions from background sources
resulting in poor sensitivity.

2.4.2.7 Inductive Sensors
Inductive sensors monitor disturbances in the magnetic field of a coil by the passage of
metallic debris through the coil [60]. Any metallic wear debris present inside the coil of an
inductive sensor alters the distribution of the magnetic fields leading to a change in the
equivalent inductance of the coil. Inductive sensors are capable of detecting ferrous particles due
to the large magnetic permeability of ferromagnetic compounds. When the ferromagnetic wear
debris is magnetized, it can alter the magnetic field distribution around it. The phase of the
signals generated by ferrous metallic particle can be indicative of the number of particles,
whereas the amplitude can be indicative of the particle sizes. On the contrary, non-ferrous
particle debris can be detected using eddy currents. When an alternating current is applied to the
non-ferrous wear debris, an eddy current is produced within the particle debris. The eddy current
generates an eddy field, which minimizes the magnetic field distribution of the coil. This in turn
produces an equivalent decrease in the coil’s inductance [60]. However, this produces a much
weaker effect than the magnetic disturbance caused by ferrous material, and is often insufficient
for an application in condition monitoring in harsh environments such as inside a gearbox.
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Since relative permeability of non-ferromagnetic metal particles is very close to unity, the
magnetization can be omitted in low frequency harmonic magnetic field or static magnetic field.
Therefore, one limitation of inductive technique’s application in detecting non-ferromagnetic
particle debris is that DC or low frequency methodologies fail. Eddy current within nonferromagnetic metal particle produced by medium or high frequency excitation results in
demagnetization effect due to a decrease in average relative permeability. So by alternating
current (AC) inductance method, both ferromagnetic and non-ferromagnetic metal particles can
be detected. This is an advantage of the inductive technique for particle debris monitor in
contrast to the magnetic pick-ups that can only sense ferromagnetic wear particles. Therefore, the
phase of the output signal for ferrous and non-ferrous particles is opposite, which enables a
distinction to be made between the different wear materials.
On-line inductive sensors are commercially available with detection capability for ferrous
particles larger than 100 µm and non-ferrous debris particles larger than 250 µm [61]. An
inductive based particle debris monitor sensor is shown in Figure 2.9. This sensor incorporates a
three phase cyclonic separation of air, oil and ferrous particle debris. The principle of operation
is that the fluid rotational motion is created through tangential injection of fluid into a cylindrical
housing. Phase separation is based on the differences in densities of air, oil and ferrous particle
debris. Air exits via a vortex finder containing an orifice. Particle debris is removed through a
small passageway on the downstream end of the cylinder through the use of an inductive sensor
[61]. The sensor collects, retains and indicates capture of individual ferromagnetic debris in
cyclonic chamber. The sensor provides an output pulses for small particles not less than 10 µm in
diameter and large particle of up to 300 µm in diameter. One of the advantages of such an
inductive based sensor is high operating temperature capability of up to 250 OC.
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Figure 2.9: An inductive based particle debris monitor sensor, adapted from [61].

However, despite the applicability of inductive based sensors in oil condition monitoring,
they are susceptible to a number of limitations. For instance, since particle debris detection is
dependent on particle mass and surface area, this feature makes it challenging to effectively
calibrate an inductive sensor according to the actual debris size. This implies that varying outputs
might be produced from particles which appear to be of the same size. This also makes it
difficult to obtain a true representation of the actual debris in real time using this technique.
Furthermore, during an onset and propagation of gear wear i.e. spalling, the debris might be
removed from the wear location as a concentration of debris as opposed to individual particles.
Therefore, the magnitude of the inductance change at any instant is likely to be the contribution
of a number of particles in the coil assembly at that particular time. Additional challenge relate to
the detection efficiency, which is inversely related to bore size, therefore making inductive
sensing unsuitable for large scale bearing applications that require large diameter scavenge lines.
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2.5

Summary
This chapter has explored and summarized the essential functions of a vehicle gearbox,

followed by a comprehensive literature review on the importance of gearbox oil condition
monitoring, including a detailed discussion on the conventional lubricant maintenance
techniques and their limitations. For instance, reactive maintenance techniques such as oil level
checks through the dip-stick have been shown to be quite subjective and often unreliable.
Preventive maintenance such as a fixed routine repair based on the vehicle mileage have been
shown to be both costly and at times resource wasteful. Proactive maintenance techniques such
as an off-line oil sampling for laboratory testing have been shown to have long lag time, which
renders them ineffective for timely failure prediction. They are also susceptible to various
influences during the oil sampling, transportation and testing. The aforementioned limitations of
the conventional lubricant maintenance techniques have necessitated this research work in an online lubricant condition monitoring technique with an integrated predictive prognostic scheme,
for purposes of predicting the remaining useful life of oil in a vehicle gearbox. In this chapter, a
comprehensive assessment of the existing sensor technologies applied in online oil condition
monitoring has been presented along with their strengths and weaknesses.
In the next chapter, a comprehensive theoretical review of the chosen lubricant condition
monitoring methodology will be presented. Particle contaminants monitoring system will be
investigated, a prototype system developed using a Hall effect transducer, constructed and
characterized. A commercially available monitor system comprising of a tuning fork resonator,
humidity sensor and temperature sensor will be adapted for oil viscosity, water content and oil
temperature monitoring, respectively, in a harsh gearbox environment. The chapter concludes
with computer simulations to predict the von-Mises stress loading of a suspended float.
55

2.6 References
1. Murata, S. (2012). Innovation by in-wheel-motor drive unit. Vehicle System Dynamics, 50(6),
807-830.
2. Wagner, G. (2001). Application of Transmission Systems for Different Driveline
Configurations in Passenger Cars. SAE Technical Paper 2001-01-0882.
3. Sun, Z., & Hebbale, K. (2005). Challenges and Opportunities in Automotive Transmission
Control. Proceedings of American Control Conference, Portland, OR, USA, June 8-10.
4. Corcoran, J. P., Kocur, J. A., & Mitsingas, M. C. (2010). Preventing undetected train
torsional oscillations. In Proceedings of the Thirty-ninth Turbomachinery Symposium.
Houston, Texas. USA: Texas A&M University (pp. 135-146).
5. Fitch, J. (2004). Determining Proper Oil and Filter Change Intervals: Can Onboard
Automotive Sensors Help? Machinery Lubrication Magazine, May 2004.
6. Manyala, J. (2013). Gearshift actuator dynamics predictions in a dual clutch transmission.
SAE International Journal of Commercial Vehicles, 6(2013-01-9021), 589-597.
7. Kalin, M., Velkavrh, I., & Vižintin, J. (2009). The Stribeck curve and lubrication design for
non-fully wetted surfaces. Wear, 267(5), 1232-1240.
8. Lu, X., Khonsari, M. M., & Gelinck, E. R. (2006). The Stribeck curve: experimental results
and theoretical prediction. Journal of tribology 128(4), 789-794.
9. Spikes, H. A., & Olver, A. V. (2003). Basics of mixed lubrication. Lubrication science,
16(1), 1-28.
10. Larsson, R. (2009). Modelling the effect of surface roughness on lubrication in all regimes.
Tribology International, 42(4), 512-516.

56

11. Hamrock, B. J., Schmid, S. R., & Jacobson, B. O. (2004). Fundamentals of fluid film
lubrication. CRC press.
12. Rudnick, L. R. (2013). Synthetics, mineral oils, and bio-based lubricants: chemistry and
technology. CRC press.
13. Barnes, A. M., Bartle, K. D., & Thibon, V. R. (2001). A review of zinc
dialkyldithiophosphates (ZDDPS): characterization and role in the lubricating oil. Tribology
International, 34(6), 389-395.
14. Battez, A. H., González, R., Viesca, J. L., Fernández, J. E., Fernández, J. D., Machado, A., &
Riba, J. (2008). CuO, ZrO 2 and ZnO nanoparticles as antiwear additive in oil lubricants.
Wear, 265(3), 422-428.
15. Nassar, A. M., Ahmed, N. S., Kamal, R. S., Abdel Azim, A. A. A., & El-Nagdy, E. I. (2005).
Preparation and evaluation of acrylate polymers as viscosity index improvers for lube oil.
Petroleum science and technology, 23(5-6), 537-546.
16. Turner, J., Sander, J., Courtney, S., Mauritz, S., & Smith, T. (2009). The Effects of Lubricant
Ingredients on New Hydraulic Oil Cleanliness. Journal of ASTM International, 6(1), 1-9.
17. Diab, Y., Ville, F., & Velex, P. (2006). Prediction of power losses due to tooth friction in
gears. Tribology transactions, 49(2), 260-270.
18. Liu, R. (2007). Condition monitoring of low-speed and heavily loaded rolling element
bearing. Industrial Lubrication and Tribology, 59(6), 297-300.
19. Phillips, W. D. (2006). The high‐temperature degradation of hydraulic oils and fluids.
Journal of Synthetic Lubrication, 23(1), 39-70.
20. Jakoby, B. & Vellekoop, M.J. (2004). Physical sensors for water-in-lubricant emulsions.
Sensors and Actuators A, vol. 110, pp. 28–32.
57

21. Zeng, Q., Dong, G., Yang, Y., & Wu, T. (2016). Performance Deterioration Analysis of the
Used Gear Oil. Advances in Chemical Engineering and Science, 6(02), 67.
22. Ahmad, R., & Kamaruddin, S. (2012). An overview of time-based and condition-based
maintenance in industrial application. Computers & Industrial Engineering, 63(1), 135-149.
23. Worsham, W. C. (2005). Is preventive maintenance necessary? Focus on reliability. Column
at Maintenance Resources.com.
24. Dahmani, R., & Gupta, N. (2002). Spectroscopic analysis of automotive engine oil. In
Environmental and Industrial Sensing. International Society for Optics and Photonics, pp.
179-183.
25. Roylance, B. J. (2005). Ferrography - then and now. Tribology International, 38(10), 857862.
26. Jun, H. B., Kiritsis, D., Gambera, M., & Xirouchakis, P. (2006). Predictive algorithm to
determine the suitable time to change automotive engine oil. Computers & Industrial
Engineering, 51(4), 671-683.
27. Manyala, J., & Atashbar, M. (2013). On-Line Lubricants Health Condition Monitoring in
Gearbox Application. SAE Int. J. Fuels Lubr. 6(3). doi:10.4271/2013-01-9074.
28. Chua, C. K., & Leong, K. F. (2003). Rapid prototyping: principles and applications. World
Scientific, vol. 1.
29. Beck, J., & Johnson, J. (1984). The Application of Analytical Ferrography and Spectroscopy
to Detect Normal and Abnormal Diesel Engine Wear. SAE paper 841371.
30. Liu, Y., Liu, Z., Xie, Y., & Yao, Z. (2000). Research on an On-line Wear Condition
Monitoring System for Marine Diesel Engine. Tribology International, 33-12, Pages 829835.
58

31. Murali, S., Xia, X., Jagtiani, A. V., Carletta, J., & Zhe, J. (2009). Capacitive Coulter
counting: detection of metal wear particles in lubricant using a microfluidic device. Smart
Materials and Structures, 18(3), 037001.
32. Kim, W. T., Choi, M. Y., & Park, H. W. (2004). Development of the Automobile Engine
Lubricant Sensor by Measuring the Dielectric Constant of Lubricant. World Conf. on Nondestructive Testing. Montreal, Canada, vol.771.
33. Na, D., Kim, S., & Park, S. (2002). Capacitive micro-sensor for monitoring the deterioration
of automobile engine lubricant. Proceedings of SPIE, vol. 4936, pp. 387-93.
34. Turner, J. D., & Austin, L. (2003). Electrical techniques for monitoring the condition of
lubrication lubricant. Measurement Science and Technology, vol. 14, pp. 1794-800.
35. Manyala, J. O., & Fritz, T. W. (2014). Signal-Based Actuators Fault Detection and Isolation
for Gearbox Applications. SAE International Journal of Commercial Vehicles, 7(2014-019022), 315-323.
36. Peters, R. (2002). The Noise & Acoustic Monitoring Handbook. Machine & Systems
Condition Monitoring Series, 1st Ed. Coxmoor publishing company, ISBN 1 901892 04 2.
37. Giurgiutiu, V. (2007). Structural health monitoring: with piezoelectric wafer active sensors.
Academic Press.
38. Rao, B. K. (1996). Handbook of Condition Monitoring. Elsevier Advanced Technology, UK.
39. Zhang, C. (2003). A micro-acoustic wave sensor for engine oil quality monitoring. In
Frequency Control Symposium and PDA Exhibition Jointly with the 17th European
Frequency and Time Forum. Proceedings of the 2003 IEEE International, pp. 971-977.

59

40. Lim, T., Niverangsan, P. Corney, J. R., Steel, J. A., & Reuben, R. L. ( 2005). Predicting AE
attenuation within solids by Geometric Analysis. International conference on shape
modeling and application SMI-05. MIT, USA.
41. Gorman, M. R. (1991). Plate wave acoustic emission. Journal of the Acoustical Society of
America, 90(1), pp. 358-364.
42. Pollock, A. A. (1986). Classical wave theory in practical AE testing. Progress in Acoustic
Emission III - JAP Society of Non-Destructive Testing.
43. Scruby, C. B. (1987). An introduction to acoustic emission. Instrument science and
technology, vol. 20, pp. 946-953.
44. Nashed, M. S. (2010). Acoustic emission monitoring of propulsion systems: a laboratory
study on a small gas turbine (Doctoral dissertation, Heriot-Watt University).
45. Khaliq, S., James, S. W., & Tatam, R. P. (2001). Fiber-optic liquid-level sensor using a
long-period grating. Optics letters, 26(16), 1224-1226.
46. Yun, B., Chen, N., & Cui, Y. (2007). Highly sensitive liquid-level sensor based on etched
fiber Bragg grating. IEEE photonics technology letters, 19(21), 1747-1749.
47. Tian, Z., Yam, S. S. H., Barnes, J., Bock, W., Greig, P., Fraser, J. M., & Oleschuk, R. D.
(2008). Refractive index sensing with Mach–Zehnder interferometer based on concatenating
two single-mode fiber tapers. IEEE Photonics Technology Letters, 20(8), 626-628.
48. Aghayan, H. R. (2012). On-Line Monitoring of Engine Health Through the Analysis of
Contaminants in Engine Lubricant (Dissertation, University of Western Ontario London).
49. Bilyi, O. I., Getman, V. B., Ferensovich, Y. P., & Tetyuk, T. V. (2000). Optical sensor for
check-up of content of micro-particles in light lubricant products. Proceedings of SPIE, vol.
4148, pp. 239-41.
60

50. Scott, A. J., Mabesa, J. R., Gorsich, D., Rathgeb, B., Said, A. A., Dugan, M., Haddock, T. F.,
& Bado, P. (2004). Optical microsystem for analyzing engine lubricants. Proceedings of
SPIE, vol. 5590, pp. 122-7.
51. Halalay, I. C., & Schneider, E. W. (2007). In-Situ Monitoring of Engine Oils through
Electrical AC Impedance Measurements. SAE Technical Paper, No. 2007-01-4092.
52. Lvovich, V. F. (2012). Impedance spectroscopy: applications to electrochemical and
dielectric phenomena. John Wiley & Sons.
53. Smiechowski, M. F. (2005). Electrochemical characterization of lubricants for
microfabricated sensor applications (Doctoral dissertation, Case Western Reserve
University).
54. Ulrich, C., Petersson, H., Sundgren, H., Björefors, F., & Krantz-Rülcker, C. (2007).
Simultaneous estimation of soot and diesel contamination in engine oil using electrochemical
impedance spectroscopy. Sensors and Actuators B: Chemical, 127(2), 613-618.
55. Lvovich, V. F., & Smiechowski, M. F. (2006). Impedance characterization of industrial
lubricants. Electrochimica Acta, vol. 51, pp. 1487-96.
56. Wang, S. (2001). Road test of lubricant condition sensor and sensing technique. Sensors and
Actuators, vol.73, pp. 106-111.
57. Appleby, M. P. (2010). Wear debris detection and oil analysis using ultrasonic and
capacitance measurements (Doctoral dissertation, University of Akron).
58. Sarangi, M. A. (2007). Oil Debris Detection Using Capacitance and Ultrasonic
Measurements, Aug. 2007, University of Akron: Master Thesis.

61

59. Prasad, V. S. K., Balasubramaniam, K., Kannan, E., & Geisinger, K. L. (2008). Viscosity
measurements of melts at high temperatures using ultrasonic guided waves. Journal of
materials processing technology, 207(1), 315-320.
60. Edmonds, J., Resner, S., & Shkarlet, K. (2000). Detection of Precursor Wear Debris in
Lubrication Systems. Aero. Conf. Proc. IEEE, Vol 6, pp.73-76.
61. Wilson, B. W., Peters, T. J., Shepard, C. L., & Reeves, J. H. (2004). U.S. Patent No.
6,810,718. Washington, DC: U.S. Patent and Trademark Office.

62

CHAPTER III
OIL CONDITION MONITOR USING A TUNING FORK RESONATOR,
HUMIDITY SENSOR AND HALL EFFECT SENSOR
3.1

Introduction
Sensors play a key role in feedback control and assessment of systems state and are

expected to operate in dynamic environments in which more than one parameter changes while
providing a high signal-to-noise ratio in a wide dynamic range. Fulfillment of such requirements
are particularly challenging for sensors applied in harsh environments such as inside a vehicle
gearbox, which is characterized with large shock and inertial loads, vibration at the gear mesh
frequencies, high friction from sliding contacts and a wide operating temperature spectrum.
Single parameter sensors designed to respond to a single stimulus or variable are often
susceptible to ambient noise and other vehicle system electrical noise, therefore cannot provide a
comprehensive assessment of a system’s health state such as the lubricant oil degradation. Due to
the non-linear and stochastic nature of such interferences, it is often a challenge to extract the
monitored sensor parameters from additive noise using conventional signal processing
techniques either in the time or frequency domain [1]. Multi-functional sensors on the other hand
benefit from sensitivity to multi input parameters, which can be applied towards calibration,
reconfiguration, and for compensating the effects of external disturbances. This promotes
measurement accuracy and reliability. Such distributive multimodal sensing techniques can also
be coupled to provide improved signal-to-noise ratios. Multi-functional sensors also offer a more
compact solution with reduced system footprint via reduced number of sensors and reduced
connection count without sacrificing the critical sensing parameters [2].
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This chapter presents a comprehensive discussion of the chosen methodology for the oil
condition monitoring using two multi-functional sensors. The design of the first multi-functional
monitor system is investigated, a prototype system constructed using Hall effect transducer and
characterized. This multi-parameter sensor is capable of monitoring both particle contaminants
and the oil level for gearbox application. The second multi-functional sensor is a commercially
available monitor system comprising of a tuning fork resonator, humidity sensor and temperature
sensor all packaged within a single housing, and is capable of concurrently monitoring the
lubricant’s viscosity, density, water content and oil temperature. The sensing principle of each
individual sensor is presented including a discussion on the respective integrated signal
conditioning and their applicability in lubricant condition monitoring within the harsh gearbox
environment.

3.2

Tuning Fork Resonator
The choice of a tuning fork resonator in this research was based on a number of factors

such as compact in size which allows for ease of integration and the piezoelectric effect of quartz
crystal which allows the excitation and detection of the tuning fork electrically. For instance, a
piezoelectric material exhibits resonance when excited at its natural frequency. The amplitude,
phase and resonance frequency are correlated to the applied force [3]. A tuning fork resonator
also has low power consumption and offers high signal stability while remaining innocuous
within a lubrication system. The tuning forks are rugged and very stiff as compared to the micromachined silicon cantilevers. This offer minimal susceptibility to vibrations, shocks and high
temperature operations, which allows its applicability in harsh environments such as inside a
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vehicle gearbox characterized with shock loads and inertial loads, vibration at the gear mesh
frequencies, high friction and a wide temperature spectrum.
Microfabricated cantilevers, tuning forks and membrane structures have successfully
been applied in liquid level and liquid properties sensing for a number of years based on the
resonance frequency and the tuning fork’s damping being influenced by the viscosity and density
of the liquid in which it is immersed [3]. A schematic of a cantilever is shown in Figure 3.1.

Figure 3.1: Schematic diagram of a cantilever, adapted from [3].

The tuning fork comprises of two resonating beams or forks whose surfaces are covered
with metallic electrode films, a transceiver that is coupled to the resonating beams, an electronic
unit and a housing that encloses a chamber isolated from the liquid via a membrane [4]. The
electronic unit has a processor, an oscillator, a power amplifier, a switch and a communication
interface and is used to drive the transceiver from an actuation mode into a detection mode and
vice-versa. The transceiver has a piezoelectric element with four conductive regions such that
each pair of conductive region is coupled to an electrical potential of opposite sign, and also
mechanically coupled to a membrane whose thickness allows the transfer of mechanical
vibration between the resonating beams and the transceiver [4]. The membrane is oscillated
mechanically when an external excitation voltage is applied by the transceiver, typically in the
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range of 1 to 3 volts, which is then amplified by the power amplifier to a range of between 5 to
40 volts, depending on the amount of energy required to be transmitted to the membrane and the
resonating element. A photo of standard tuning fork is shown in Figure 3.2.

Figure 3.2: Tuning fork schematic (a) beams, (b) geometry, adapted from [5].

The fundamental frequency of a tuning fork is dependent upon the length of the fork, the
cross-sectional geometry and the material properties such as the material density of the fork and
the Young’s modulus. Since the beams are usually made of the same quartz crystal material,
internal energy dissipation is quite low, hence the quality factor or Q-factor is relatively high,
which allows high-precision frequency detection. The Q-factor is a dimensionless parameter that
describes the behavior of an under-damped oscillator or resonator system, and therefore defines
the resonator’s bandwidth relative to its center frequency [5].
When the tuning fork is exposed to a liquid medium, the net effect of the surrounding
liquid can be regarded as an effective mass applied to the fork beams, hence each beam can be
regarded as a damped oscillating object whose resonance changes with the properties of the
surrounding liquid. The beam can be simplified into a cantilever with a plate of mass, m, fixed to
an elastic spring, k, in contact with a medium damper, b. The displacement, x, of the tip of the
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beam from its equilibrium position can be modeled using a simple harmonic oscillator Equation
as follows [6]:

m

δx
δ 2x
+ b + kx = F cos(ω t + δ )
2
δt
δt

(3.1)

where m is the effective mass of the oscillating beam, b is the viscous force constant resulting
from the loss of internal energy, k is the spring constant and F is the force applied while δ is the
decay constant of the viscous shear wave. It should be noted that the higher the viscosity of the
liquid medium, the higher the resistance experienced by the beam hence a determination of the
term b, can provide the viscosity of the medium in which the fork vibrates. The beam can be
modeled as a cantilever with small bending amplitude whose tip experiences shear forces and
deforms according to the following relationship [6]:

d 2 x 12 F ( L − y )
=
dy 2
EWT 3

(3.2)

where L, W and T are the cantilever’s length, width and thickness, respectively. This relates the
displacement from equilibrium of each position along the length of the beam to its dimensions,
the applied bending forces and the Young’s modulus, E. Since the beam is modeled as an
oscillator, the bending force obeys Hooke’s law which states that F=-kx, with a spring constant,
k and the deflection, x. Therefore, solving for k yields an expression for the spring constant of a
beam that is clamped on one side as follows [7]:

EWT 3
k=
4L3

(3.3)

The effective mass of the beams in a vacuum is given by m = 0.2429φLWT, where φ from
the literature is a known quartz density of 2650 kg/m3,while the quartz Young’s modulus is, E =
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7.87×1010 N/m2 [7]. The angular resonance frequency, 𝜔0 , of unperturbed quartz beam can
therefore be derived from Equation (3.3) as:

ω0 =

k
m

(3.4)

The dimensions of the tuning fork used in this study were as follows: T = 0.41 mm, L =
3.24 mm and W = 0.24 mm, which yields a spring constant value of k = 9568.5 N/m. The
effective mass of the beam can be resolved as m = 0.2429φWTL = 2.052x10-7 kg. The nominal
fundamental resonance frequency can therefore be calculated as follows:

f0 =

ω0
= 3.43679 ×10 4 Hz = 34.368 kHz
2π

(3.5)

The above calculated resonance frequency is quite close to the expected quartz tuning
fork’s frequency response in air, which is known to have a resonance frequency at 32.728 kHz.
The amplitude of oscillations can be determined as follows [8]:

A=

Vrms I rms Q
k 2πf 0

(3.6)

where V rms is defined as the amplitude of the excitation signal, I rms is the measured current
whereas Q is the quality factor which quantifies the resistive energy loss and is construed as the
ratio of the filter’s reactance to its resistance. The quality factor is calculated as [5]:

Q=

f0
∆f

(3.7)

where Δf is the quartz tuning fork’s bandwidth when the amplitude decays by 3 dB. For a viscous
liquid, the boundary layer that forms in the viscous medium can be characterized by viscous
shear waves decaying exponentially with the distance from the liquid surface and with the
penetration depth or decay constant at the surface of the tuning fork.
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Finite element structural model of the quartz tuning fork geometry was simulated using
COMSOL® in order to predict the eigen-frequencies of oscillations and terms relevant to damped
harmonic in a viscous medium, as shown in Figure 3.3. It can be noted that the eigenmodes of
the fundamental frequency is symmetric as shown using an exaggerated maximum displacement
in Figure 3.3. From the simulation, the fundamental frequency has been correctly predicted to be
at 32.7 kHz. This value is also very close to the calculated fundamental frequency, as was
demonstrated using Equation (3.5).

Figure 3.3: Simulation of quartz tuning fork fundamental frequency at 32.7 kHz.

3.3

Viscosity and Density Measurement Using Tuning Fork Resonator
Piezoelectric materials exhibit resonance when excited at their characteristic frequency.

The viscosity and density measurements using a piezoelectric tuning fork resonator are based on
the dissipative or damping force phenomenon when in a liquid medium such as oil due to the
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frictional forces, which resists the motion of an energized piezoelectric element, therefore
produces a negative shift in resonance frequency. A sinusoidal excitation voltage applied on the
electrodes of a tuning fork results in mechanical stress or elastic deformation and oscillations.
The oscillations produce a corresponding current through the electrodes [8]. The ratio of the
excitation voltage and the induced current allows the system’s impedance measurement, which is
dependent on the excitation frequency, density and viscosity of the surrounding liquid. The
tuning fork’s equivalent electrical model can be represented using a modified Butterworth-Van
Dyke circuit [9], as shown in Figure 3.4.

Figure 3.4: Tuning fork’s equivalent electrical model represented by a modified
Butterworth-Van Dyke circuit.
where R,L,C represents the series resistance, inductance and capacitance, respectively. These
values are based on the tuning fork’s geometry. Therefore, the R,L,C circuit models the quartz
crystal piezoelectric properties at its fundamental frequency. For instance, R represents the
dissipative energy losses due to friction, L represents the oscillating quartz mass and C represents
the quartz mechanical elasticity. R P models parasitic resistance and C P models parasitic
capacitance, both are based on the fork’s packaging. In the absence of parasitic capacitance and
parasitic resistance, the effective circuit impedance can be modeled as [10]:

 1 2

Z eff = R 2 +  (
) − (iωL) 2 
 i ωC
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(3.9)

If the capacitive and inductive contributions from Equation (3.9) are out of phase and of
equal magnitude, the resultant impedance simplifies to just a resistive impedance. At resonance,
from the RLC Equation, the impedance can be expected to be at the minimum. In reality, the
circuit has additional parasitic resistance and capacitance in parallel with the RLC circuit.
Therefore, the tuning fork’s complex impedance, Z TF , can be modeled as follows [10]:

Z TF (ω ) = RP // C P //( R + iωL +

1
)
i ωC

(3.10)

From Equation (3.7), the density, 𝜌, of liquid within which the tuning fork’s is immersed

can be expressed as follows [10]:

1  f
ρ =  0
k  ∆ f


2


 − 1



(3.11)

where ρ is the density. From Equation (3.11), the liquid’s density, η, can then be determined as
follows:

η=

(∆ f )2
ρ

(3.12)

The schematic diagram of an operational amplifier within the tuning fork’s electronics is
shown in Figure 3.5 [11]. This circuit drives the fork by applying a sinusoidal excitation voltage
on the fork’s electrodes, which produces oscillations. The preamplifier (U1A) output signal is
used to drive the tuning fork’s oscillation at approximately 0.1 µm/mV. A current-to-voltage
converter (U1B) measures the tuning fork’s oscillation at a frequency range of between 10-50
kHz. A high-speed, low-bias-current and high bandwidth op-amp (OPA656) allow faster signal
scanning. A guard ring around the tuning fork input node prevents any leakage current. An
additional gain of 10 is provided by U3 [11]. The oscillations applied on the fork’s electrodes
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produce a corresponding current through the electrodes. The induced current is converted into
voltage, which is then read by the on-board processor.

Figure 3.5: Schematic diagram of a quartz tuning fork’s operational amplifier [11].

The tuning fork’s biasing electronics mounted on a printed circuit board assembly
(PCBA) is shown in Figure 3.6. The electronics comprises of a processor, an oscillator, a power
amplifier, a switch and a communication interface and is used to drive the transceiver from an
actuation mode into a detection mode and vice-versa. The electronics is coupled to two
resonating beams or forks whose surfaces are covered with gold plated electrodes [11]. The
tuning fork resonator measurement parameters used in this study are shown in Table 3.1.
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Figure 3.6: Quartz tuning fork’s biasing electronics coupled to a tuning fork [11].

Table 3.1: Tuning fork resonator measurement parameters.
Parameter
Kinematic Viscosity
Density
Temperature

3.4

Range
0 to 2000 cSt
600 to 1500 Kg.m
0 to 100 °C

-3

Water Contamination Monitor Using Humidity Sensor
Humidity is the amount of water vapor in an atmosphere of air, and is often expressed as

relative humidity (RH) in terms of parts per million (ppm) by weight or by volume. RH is
defined as the ratio of the amount of moisture content in air to the maximum or saturated
moisture level that the air can hold at the equivalent temperature and pressure of gas [12]. RH is
a temperature dependent magnitude, therefore is a relative measurement, which is often
expressed as a percentage as follows:

RH (%) =

PV
× 100
PS

(3.14)

where P V is the moisture content’s partial pressure in air and P S is the moist air’s saturated
pressure at the equivalent temperature. The unit of P V and P S are expressed in Bar or kilopascals
(kPa), where 1 Bar = 100 kPa [12]. The absolute humidity (AH) on the other hand is a measure
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of water vapor or moisture in air, irrespective of temperature. Saturation humidity (SH) is
defined as the maximum amount of moisture content (mass) per unit volume of gas at a given
temperature, and can be expressed as follows:

SH =

mws
v

(3.15)

where SH is the saturation humidity (g/m3), 𝑚𝑤𝑤 is the mass (g) of water vapor at saturation and

v is the volume of air (m3). According to Equation (3.15), RH can also be determined by
computing the percentage ratio of absolute humidity to saturation humidity as follows [13]:

RH (%) =

AH
×100
SH

(3.16)

3.4.1 Resistive Humidity Sensor
To quantify water contamination in gearbox oil, a resistive humidity sensor was
employed. The sensor consists of a ceramic substrate upon which a thin humidity sensitive
polymeric film is deposited between dual conductive electrodes. The polymeric film is
chemically inert in its cured form, and thermally stable material up to temperatures around 450
°C. The design configuration is based on interdigitated gold (Au) plated electrodes deposited on
an aluminum substrate. The interdigitated electrodes (IDEs) were deposited via physical vapor
deposition (PVD) [13]. The sensing surface is coated with a porous, non-water soluble and
transparent ceramic substrate which offers high mechanical strength, thermal and physical
stability. The substrate also offers resistance to chemical attack and protects the sensor from
direct exposure to condensation that can induce long term drift. The sensor measures changes in
electrical impedance or resistivity, which is proportional to the amount of water vapor within the
hygroscopic polymeric film. Upon adsorption of water vapor, the film molecules dissociate into
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an ionic functional hydroxyl group resulting in an increase in film electrical conductance. This
produces a decrease in resistivity due to changes in the number of movable ions [14].
Adsorption involves an interaction between the sensing film surface and the water molecules via
van der Waals forces. Van der Waals forces are a low energy balance between molecular
attractive and repulsive forces involving reaction energies between 0 - 10 kJ/mole. Because of
the low energies involved, adsorption reactions are fully reversible [14]. A magnified photo of
the interdigitated electrodes resistive humidity sensor is shown in Figure 3.7. The substrate
geometries comprises of a 2 mm wide by 3 mm long. The length, width and thickness of the
interdigitated electrodes are 200 µm, 100 µm and 40 µm, respectively. The gap between the
electrodes is 100 µm.

Figure 3.7: Magnified photo of a resistive humidity sensor, adapted from [14].

The impedance change has an inverse exponential relationship to humidity, as shown in
Figure 3.8. The measured change in resistivity varies between 1 Ω to 10 kΩ and provides a
corresponding relative humidity from 0 to 100% [14]. Nominal operating temperature is between
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0 OC to 100 OC. Sensor response time is less than 5 seconds for a step change from 5 % to 95 %
RH.
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Figure 3.8: Inverse exponential response of a resistive humidity sensor.

The signal conditioning circuitry incorporates a CMOS timer to pulse the sensor,
producing an almost linear output voltage as a function of the relative humidity. For impedance
measurement, the sensor uses symmetrical AC excitation voltage with no DC bias to prevent
sensor polarization. Nominal excitation frequency ranges from 30 Hz to 8 kHz. Synchronous
sampling converts the peak-to-peak excitation signal amplitude to DC voltage. Resistance is
calculated as a function of the applied voltage and the measured current. Signal is scaled,
amplified, linearized and converted to relative humidity [14]. The schematic diagram of a
resistive humidity sensor is shown in Figure 3.9.
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Figure 3.9: Schematic diagram of a resistive humidity sensor read-out circuit.
The sensor has a linear response over a broad range of humidity from 0 to 100 %RH,
with a linear regression analysis producing an R-squared correlation value of 0.99. The nonlinear feedback within the logarithmic amplifier produces a linear output, as shown in Figure
3.10. The sensor output linearity has further been enhanced using least squares regression by
finding the best-fitting curve to a given set of points by minimizing the sum of the squares of the
offsets, also known as the residuals [14]. The sum of the squares of the offsets is used instead of
the offset absolute values because this allows the residuals to be treated as a continuous
differentiable quantity. The resistive humidity sensor’s characteristic output curve is shown in
Figure 3.10.

Figure 3.10: The resistive humidity sensor characteristic output curve.
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3.5

Particle Contaminants Monitor Using Hall Effect Transducer
In a gearbox application, the primary source of particle contamination are metal shavings

or debris from rotating parts such as gears and shafts due to friction from cyclic, high contact and
localized stresses. Friction inhibits movement between rotating parts, which reduces mechanical
efficiency, leading to wear. Metallic particle debris such as iron and copper also act as catalysts
for oil oxidation. Such metallic particle contaminants in a gearbox are mostly ferrous in nature
due to high iron content from gears, shafts and bearings. For this research, a multi-functional
sensor has been designed using a Hall effect sensing element. The designed multi-parameter
monitor system is capable of quantifying both oil level and ferrous particle contamination.
The Hall effect is a magnetic field sensor whose output is an electrical signal that is a
function of a mechanical motion. It consists of a permanent magnet, an integrated circuit and a
magnetic circuit. The Hall effect was discovered in 1879 [15]. The basic principle of operation is
that a bias current applied across a piece of low doped silicon material, also called the Hall plate,
along the X-axis and magnetic field density applied through the plate along the Z-axis creates an
electric potential along the Y-axis, also known as the Hall voltage, V H . This is due to the Lorentz
force that results in charge particles on the Hall plate being pressed on opposite sides of the plate,
as illustrated in Figure 3.11. This leads to an increase in resistance. The Hall voltage is directly
proportional to the orthogonal component (B ┴ ) of the applied magnetic field density and the bias
current (I bias ) flowing through the Hall plate.
Hall effect sensor is made using bipolar complementary metal-oxide semiconductor
(BICMOS) technology, which allows for its fabrication directly on the same chip along with
microelectronic signal-processing circuitry. The programmable Hall effect integrated circuitry
(IC) allows for the gain of the system to be adjusted as well as individual calibration for higher
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degree of accuracy by means of integrated memory cells. A Schmitt-trigger with built-in
hysteresis filter helps to minimize hysteresis levels by regulating the magnetic field thresholds
due to large instantaneous magnetic field changes [16]. This eliminates any oscillation of the
output signal, which allows the Hall sensor to operate over a wider range of magnetic field
conditions. The sensor has a 12-bit resolution, specified at a bandwidth of up to 1 kHz. Higher
bandwidth implies increased width of the Nyquist zones. This accords analog anti-aliasing filters
more room to transition from pass-band to suppression, easing the filtering requirements.

Figure 3.11: Hall effect sensor principle of operation, adapted from [15].

3.5.1 Particle Contaminants Monitor System Design
A multi-functional particle contaminants monitor and oil level sensor was designed using
a hollow float with an embedded magnet on top of the float and a Hall effect sensor with biasing
electronics on a printed circuit board assembly (PCBA) secured slightly above the hollow float,
as illustrated in Figure 3.12. The embedded magnet was axially magnetized with the
magnetization axis orthogonal to the Hall sensor axis. The hollow float is suspended within the
cylindrical sensor housing using dual adaptable helical springs made of Beryllium-Copper alloy
material that are rigid radially to minimize the float’s lateral or sideways movement, but flexible
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longitudinally allowing smooth axial or up/down movement relative to the fluid’s buoyancy
forces. Both the hollow float and the sensing elements are enclosed within the cylindrical sensor
housing. The housing’s concentric cylinder design acts as oil anti-slosh barrier, which minimizes
turbulence or vortex and also provides structural rigidity. The geometric dimensions of the
sensor include the length of 87.5 mm and diameter of 28.5 mm. The sensor housing and float
material properties are shown in Table 3.2.

Figure 3.12: Multi-functional oil level and particle debris monitor showing the
positioning of the Hall effect IC and an embedded magnet on top of a hollow float.
Table 3.2: Material properties for the sensor housing and float.
Parameter
Density
Mass
Volume

Sensor Housing
-3

1626 Kg.m
25.523 g
1.0815 cm3

Float Body
-3

1626 Kg.m
2.025 g
2.9695 cm3

An exploded view of the sensor is shown in Figure 3.13, which highlights some of the
main features.
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Figure 3.13: An exploded view of the multi-functional oil level sensor and particle
contaminant monitor design highlighting the main features.

3.5.2 Sensor Output Transfer Function
The most basic characterization of a sensor is its transfer function that defines the
relationship between the stimuli such as the magnetic fields sensed by the Hall element and its
corresponding electrical output. The bottom of the designed sensor has perforated holes that
allow oil to enter inside the sensor housing, which forces the float to move axially within the
cylindrical housing relative to the buoyancy forces. As the float moves, its position is read by the
sensor as a function of the sensed magnetic fields. The oil level is then determined by computing
the magnetic field vector components and then triangulating the float position’s via an arctangent
function as follows [17]:
α = ATAN (
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Bz
)
BY

(3.17)

where B Z and B Y are magnetic field vector components. The computed float position is then
amplified through a multiplexed chopper amplifier prior to the digitization.
The ferrous particle debris in oil is determined by locking the float in a single position,
and then reading the sensor output voltage proportional to the ferrous debris build-up on the
magnet surface as a function of the orthogonal flux component (B z ) relative to the IC surface.
This represents the magnetic field offsets resulting from an effective change in the air-gap due to
the magnet’s attractive force resulting in ferrous debris build-up on the magnet. The ferrous
debris content in terms of an output voltage, V out is determined based on the following transfer
function [17]:

Vout (B Χ [α ]) = Voq + σ × B Χ [α ]

(3.18)

where V oq is a programmable quiescent output voltage or the output voltage in the absence of
any magnetic fields, σ is the programmable IC sensitivity (in V/G or V/mT). B X [α] is the applied
magnet field density orthogonal to the Hall plate surface in Gauss (G) or milliTesla (mT). The
Neodymium (NdFeB) magnet used in this design has a negative temperature coefficient of the
order of -0.09 % /OC, hence the magnetic field output decreases as temperature increases. By
considering the effect of temperature, the relationship expressed in Equation (3.18) can be rewritten as follows [17]:

Vout (B Χ , T) = Voq (T) + σ(T) × B Χ (T)

(3.19)

where V out (B X ,T) is a thermal coefficient of the programmable quiescent output voltage, σ(T)
and B X (T) are thermal coefficients of the programmable IC sensitivity and applied orthogonal
magnetic fields, respectively.
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3.5.3 Modeling the Effects of Ferrous Particles
Magnetic field strength decreases exponentially as the air-gap increases due to the
changing magnetic reluctance [18]. A magnetic field sensor design therefore requires a
determination of the total effective air gap (TEAG), which defines the allowable distance from
the sensor surface to the magnet surface. Simulation has been performed using ANSYS®
software to predict the effects of ferrous debris thickness, which reflects a decrease in the air-gap
distance between the magnet and the sensor surface for a distance range from 0 to 2.5 mm, as
shown in Figure 3.14. This plot shows that the magnetic field strength at the sensor surface
varies inversely as the square of the separation distance between the magnet and the Hall
element. Therefore, the magnitude of the orthogonal magnetic field component (B X ) increases
exponentially as the air-gap decreases due to the ferrous debris build-up on the magnet’s surface.
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Figure 3.14: Orthogonal magnetic field fluctuation as a function air-gap distance.
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3.5.4 Stress Analysis
Stress analysis has been performed via finite element analysis (FEA) using ANSYS®
software to simulate the von-Mises stress loading in the X, Y and Z axes. The von-Mises stress is
a common technique applied by designers to check whether a particular design can withstand
exerted stresses from a given load condition, therefore is often used to predict the material yield
strength under loading conditions both in the X, Y and Z axes [20]. The FEA was used to
determine the maximum deflections of the suspended float using dual helical springs made of
Beryllium-copper alloy due to the lubricant’s sloshing effect and vortex within the sensor
housing from large shock and inertial loads as well as vibrations at the gear mesh frequencies
within the gearbox. Beryllium-copper alloy spring material properties are summarized in Table
3.3.
Table 3.3: Beryllium-copper alloy spring material properties.
Property
Density
Tensile Strength, Ultimate
Tensile Strength, Yield
Modulus of Elasticity
Fatigue Strength

Metric
-3

8.36 g.cm
1060 - 1210 MPa
930 - 1180 MPa
131 GPa
340 – 390 MPa

The stress analysis shows that at a von-Mises stress lower than 40 kilo-pound per square
inch (KSI), the Beryllium-copper alloy spring material is projected to have an infinite life both in
the X, Y and Z axes. The material yield strength of Beryllium-copper alloy spring material is
46.5 KSI, therefore 40 KSI is the maximum safe limit [20]. Stress-life curve also showed static
deflections much lower than 40 KSI in the X, Y and Z axes even at the worst-case spring
deflection of 2.5 mm in the Z axis, which represents maximum float travel. This provides a high
degree of confidence that the design is capable of withstanding prolonged high vibrations in a
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harsh gearbox environment. A von-Mises stress analysis in the X, Y and Z-directions are shown
in Figure 3.15. This Figure show that the stress concentration is highest at the spring attachments
to the outer ring. Beryllium-copper spring material von-Mises stress analysis results are
summarized in Table 3.4.

Figure 3.15: Suspended float von Mises stress analysis in the X, Y and Z-direction.

Table 3.4: Beryllium-copper alloy spring material von-Mises stress analysis.
Load Direction
X
Y
Z

Max. deflection (mm)
0.508
0.508
2.54
85

Stress - KSI
26,290
22,841
39,382

3.6

Sensor Housing Fabrication Using 3D Printing
Additive manufacturing is a growing field for rapid prototyping of components and

devices in many applications. In particular, 3D printing has attracted lots of interest due to its
high customization, mechanical flexibility and materials variety which has seen a dramatic
uptick in additive manufacturing in many fields such as biomedical, aerospace, military,
automotive and home appliance [21].
In this study, 3D printing has been investigated for the manufacturing of the sensor
housing for the multi-functional particle debris monitor and oil level sensor. A prototype sensor
housing was made by extrusion using a low cost, compact and commercially available 3D printer
made by Stratasys company. This machine is based on fused deposition modeling (FDM)
technology and allows the use of various printer heads, based on the substrate’s viscosity and
thickness [21]. The prototype sensor housing was extruded layer by layer using a single MK1250 printer head with a 1.75mm filament. The substrate material was made from Acrylonitrile
Butadiene Styrene (ABS), which is one of the most common plastic substrates for 3D printing.
The ABS is a thermoplastic with high mechanical strength and melts strength for extrusion and
thermoforming. Post processing included cure time of 3-4 hours at 200 °F.
However, during a trial test, the prototype sensor housing developed cracks just after 15
hours of high temperature exposure at 150

O

C in oil. Therefore, even though additive

manufacturing using 3D printing offers a promising potential in rapid prototyping of
components, this technology still lacks the rigidity, durability and reliability required for
components that are intended for harsh environments such as inside a vehicle gearbox
characterized with shock and large inertial loads, vibration at the gear mesh frequencies, high
friction from sliding contacts, wide temperature spectrum and chemical exposures.
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Consequently, the sensor housing was fabricated by injection molding using a liquid crystal
polymer (LCP) compound. The LCP has a high strength at extreme temperatures and is resistant
to chemicals. It also exhibits a highly ordered structure in both liquid and solid states [22].

3.7

Summary
In this chapter, a comprehensive theoretical discussion of the chosen lubricant condition

monitoring methodology has been provided using two multi-functional sensors for tracking
gearbox oil properties changes due to oxidative degradation and the presence of contaminants.
The design of the first multi-functional monitor system has been investigated, a prototype system
constructed using Hall effect transducer and successfully tested. This multi-parameter sensor has
been developed specifically for this research and is capable of monitoring both particle
contaminants and oil level in a gearbox application. The second multi-functional monitor system
comprised of a tuning fork resonator, humidity sensor, and temperature sensor all packaged
within a single housing, and has been shown to be capable of concurrently monitoring the
lubricant’s viscosity, density, water content and temperature.
Computer simulation have been performed to predict the effects of ferrous debris
thickness and von-Mises stress loading to determine the maximum deflections of the suspended
float using dual helical springs made of Beryllium-copper alloy due to oil sloshing and vortex as
well as large shock and inertial loads vibrations at the gear mesh frequencies within the gearbox,
both in the X, Y and Z axes. The respective sensing principles of each multi-functional sensor
has been presented as well as the mathematical concepts behind each sensing principle. The
integrated signal conditioning as well as the applicability of both monitoring systems in a harsh
gearbox environment have also been presented.
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In chapter 4, the experimental work will be discussed including a description of the test
set-up and the measurement results. The measured results will be compared with established offsite laboratory techniques, to provide complementary data to validate the suitability of the online
sensors in monitoring the contaminants trends and to evaluate the sensors capability to accurately
and precisely track the three primary contaminants. The effects of concurrent multiple
contaminants will also be investigated to characterize the susceptibility of the monitored sensor
parameters in the presence of more than one contaminant.
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CHAPTER IV
EXPERIMENTAL WORK
4.1

Introduction
In this chapter, the experimental work is presented to quantify the gearbox lubricant oil

degradation under the influence of the oxidative degradation and contaminants such as water and
particle debris. A detailed description of the experimental set-up and measurement results are
presented both qualitatively and quantitatively using mathematical analysis and physical
experiments. The measured results are compared with established off-site laboratory techniques
to evaluate the suitability of the chosen oil condition monitoring methodology to accurately and
precisely track the three primary contaminants. The effects of concurrent multiple contaminants
are also investigated to characterize the susceptibility of the monitored sensors parameters in the
presence of more than one contaminant. This also provide data for comparison against other
multimodal distributive sensing techniques.

4.2

Experimental Test Set-up
The identified three primary lubricant contaminants in a gearbox are quantified using two

multi-functional sensors. The first multi-functional sensor is called cactus oil condition sensor
(COCS), which is a commercially available sensor made by Avenisense company based in
France. The multi-functional sensor comprises of a tuning fork resonator made of piezoelectric
material and a monocrystalline quartz. This sensor has been used to quantify both oil viscosity
and oil density as previously discussed in chapter 3 sections 3.2 and 3.3. A resistive humidity
sensor integrated within the same sensor housing has been used to quantify water contamination
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as previously discussed in chapter 3 section 3.4. Since the oil viscosity, density and humidity
varies as a function of temperature, a thermistor integrated within the COCS device provides oil
temperature measurement. The multi-functional sensor can operate in both static and dynamic
environments, and is powered via a USB port connected to PC, which is also used for data
monitoring and recording. The measured data from COCS include oil viscosity, density,
humidity and temperature, and both are displayed and recorded as a text file on a host computer
using proprietary software. A pictorial view of the front side and back side of the COCS as well
as the experimental set-up are shown in Figure 4.1.

Figure 4.1: Front and back side of cactus oil condition sensor and experimental set-up.
A summary of the rate of change of the measurement parameters for the cactus oil
condition sensor is shown Table 4.1 [1].
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Table 4.1: Cactus oil condition sensor rate of change of measurement parameters.
Parameter
Oil flow velocity
Sampling frequency
Response time

4.3

Rate
0 to 10 m/s
1 Hz
< 2 seconds

Oil Viscosity
Viscosity is one of the most critical physical properties of a lubricant. Viscosity is a

measure of liquid’s resistance to flow or resistance to gradual deformation by shear stress or
tensile stress, and can be expressed in terms of dynamic viscosity or kinematic viscosity.
Dynamic viscosity is referred to as the tangential force per unit area required for moving a
molecule of liquid a unit distance at a unit speed on a horizontal plane and is expressed in
centiPoise (cP). Kinematic viscosity is referred to as the ratio of dynamic viscosity to the liquid’s
density and is expressed in centiStokes (cSt), where 1 cSt=1 mm2/s [2].
Viscosity of gearbox oil affects its load carrying capacity, leakage and gear noise as well
as the cooling efficiency of heat generated in gears, shafts and bearings since it governs the
resultant frictional coefficient, which is a crucial factor in the lubricant film formation under both
thick and thin film conditions [2]. At extreme low temperatures, cold oil with high viscosity
develops high internal resistance to shear stress, which minimizes the oil flow rate and its load
carrying capacity. At extreme high temperatures, hot oil with low viscosity develops low internal
resistance due to the increased kinetic energy of free atoms, which minimizes its ability to
provide sufficient oil film between sliding surfaces to reduce friction. Contaminants can also lead
to changes in viscosity, due to either thinning or thickening effect on oil. The most basic
viscosity model is given by the Reynold’s model that is an exponential relationship which works
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over a limited temperature range, typically between 40 OC to 70 OC [3]. Reynold’s model defines
viscosity as follows:

η (T ) = η 0 e −bT

(4.1)

where ƞ is the kinematic viscosity, T is the temperature, while ƞ 0 and b are constant coefficients
specific to a particular oil.
A more fundamental viscosity model is provided by the Walther’s model per the
American Society for Testing and Materials (ASTM) D341 standard. The ASTM D341 standard
provides models by which interpolated and extrapolated kinematic viscosity values at a given
temperature can be calculated provided that two kinematic viscosity values and their
corresponding temperatures are known. Walther’s model defines viscosity as follows [4]:

(υ + A) = Bd 1 T

(4.2)

where v is the kinematic viscosity in cSt, T is the temperature in Kelvins whereas A and B are
constants specific to a particular oil. The constants A and B can be determined experimentally
from the measured viscosities as outlined below. Equation (4.2) can be rephrased as follows:

log(log(v + 0.7 )) = A − B log T

(4.3)

To solve for the constants A and B, the determinants can be resolved by assuming a linear
relationship of the form y = mx + b as follows [4]:

1 log(log(υ 40 + 0.7 ))
1 log(log(υ100 + 0.7 ))
B=
1 − log T40
1 − log T100

(4.4)

where 𝑣40 and 𝑣100 are the measured kinematic viscosities whereas 𝑇40 and 𝑇100 are the
corresponding oil temperature at 40 OC and 100 OC, respectively. By decomposition, Equation
(4.4) can be expressed as follows:
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B=

(1)(log(log(υ100 + 0.7 )) − (1)(log(log(υ40 + 0.7 ))
(1)(− log T100 ) − (1)(− log T40 )

(4.5)

Therefore, by substitution, the constant A can then be derived as follows:

A = (log(log(υ 40 + 0.7 )) + (B log T40 )

(4.6)

4.3.1 Kinematic Viscosity Measurement
The gearbox oil used for this research is classified as 75W-90 per the Society of
Automotive Engineer (SAE) J306 standard. The SAE J306 standard defines the classification
limits for automotive gear lubricants in rheological terms by defining the expected viscosities of
oil in both cold and hot weather conditions [5]. In a 75W-90 designation, W stands for winter
whereas the 75W implies that this oil’s viscosity must not exceed 150,000 cSt at -40°C. The 90
in a 75W-90 implies that this oil’s viscosity must fall within the range of 13.6 < µ < 18.5 cSt at
100°C [5]. The kinematic viscosity of unused 75W-90 gearbox oil was quantified using the
tuning fork resonator within cactus oil condition sensor (COCS). In order to minimize potential
variance in oil properties between different batches of oil, all test samples were obtained from a
single, fifty-five gallon barrel of oil. The oil barrel was kept indoors to minimize fluctuations in
oil properties due to varying weather conditions. Additional specifications for the 75W-90
gearbox oil are summarized in Table 4.2.

Table 4.2: Gearbox oil (75W-90) technical specifications, adapted from [5].
Property
Viscosity at 40 OC
Viscosity at 100 OC
Density at 40 OC

Test Method
ASTM D 445
ASTM D 445
ASTM D 445

Pour Point
Flash Point

ASTM D 5959
ASTM D 92
95

Value
133.74 cSt
18.11 cSt
855.39 Kg.m
221 OC
-45 OC

-3

To quantify the kinematic viscosity of oil as a function of temperature, the experimental
set-up for the COCS device was completed as follows: the sensor was installed in a fabricated
test fixture shown in Figure 4.2. A 1000mL of unused 75W-90 gearbox oil was added into the
fixture until the sensor was fully submerged in oil. Prior to each test, the oil sample was stirred to
achieve homogeneity and also to remove entrained air before closing the lid of the vented fixture.
The fixture was then placed in a thermochamber stabilized at 0 OC, and was left unperturbed for
1 hour for the oil sample to reach a steady state temperature. The thermochamber temperature
was then ramped from 0 OC to 100 OC while recording the kinematic viscosity and the oil
temperature at a sample rate of every 15 minutes on a host computer.

Figure 4.2: Cactus oil condition sensor installed in a test fixture and its interfaces.
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A plot of the measured kinematic viscosity as a function of temperature is shown in
Figure 4.3. This plot shows that the kinematic viscosity exhibits an inverse exponential
relationship with oil temperature. It can also be noted that the kinematic viscosity sharply
decreases with increasing temperature due to the increased kinetic energy of free atoms. The
measured kinematic viscosity was also compared against the simulated kinematic viscosity based
on Walther’s model, as previously explained in section 4.3. The two plots show that the
measured viscosity matches with the predicted viscosity based on the Walther’s model, as shown
in Figure 4.3. The error, which is defined as the maximum discrepancy between the measured
and simulated kinematic viscosity is less than 2.5% across a wide temperature spectrum from
0 OC to 100 OC. This plot therefore demonstrates the accuracy of the measured viscosity using
COCS as a function of temperature.

Figure 4.3: Measured versus simulated kinematic viscosity as a function of temperature.
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4.3.2 Density Measurement
Density is defined as the mass of an object relative to the volume it occupies. Density is a
fundamental physical property that can be used in conjunction with other properties to
characterize both light and heavy fractions of petroleum and petroleum bi-products. The analysis
of oil density trend as a function of temperature was also carried out due to its relevance in the
calculation of kinematic viscosity values, as was described in section 3.3. Mathematically,
density ρ, is mass m per unit volume V, also expressed as follows:

ρ=

m
V

(4.7)

The oil density of fresh gearbox oil (75W-90) was quantified using COCS. The
experimental set-up was completed as was shown in Figure 4.2 and fresh oil was added until the
sensor was fully submerged in oil. Prior to each test, the oil sample was stirred to achieve
homogeneity and to remove entrained air before closing the lid of the vented fixture lid. The test
fixture was then placed inside a thermochamber stabilized at 0

O

C. The thermochamber

temperature was then ramped up to 100 OC while recording the oil temperature and oil density at
a sample rate of every 15 minutes.
A plot of the measured oil density as a function of temperature is shown in Figure 4.4.
This plot shows that the oil density is inversely proportional to oil temperature in a linear
fashion, hence oil density decreases as temperature increases. The measured density was also
compared to the simulated density per the ASTM D 40525 standard. Per ASTM D4052 standard,
a small volume (approximately 0.7 mL) of an oil sample is introduced into an oscillating tube
and the change in oscillating frequency caused by the change in the mass of the tube is used in
conjunction with calibration data to determine the density of the oil sample. The error, which is
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defined as the maximum discrepancy between the measured density and the simulated density
was found to be less than 0.3% across a wide temperature spectrum from 0 OC to 100 OC, as
shown in Figure 4.4. Both the measured density and the simulated density show both precision
and accuracy, which supports the COCS capability to track the gearbox oil density across typical
gearbox operating temperatures.

Figure 4.4: Measured density versus simulated density as a function of temperature.

4.3.3 Oxidation as a Function of Kinematic Viscosity
Lubricating oils consist of long-chain of hydrocarbons with molecular structure. In a
gearbox application, the hydrocarbons are exposed to high shear forces that exist at the gear teeth
contacts coupled with prolonged high temperature exposure, which exposes their vulnerability to
attack from free radicals. An oxidation chain reaction is often triggered by a chemical reaction
through the decomposition of hydrocarbon compound whereby the hydrogen bonded to carbon is
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replaced by oxygen from entrained air or ambient air to form carbon dioxide and water
molecules [6]. To study the effects of oil oxidation in gearbox oil, an accelerated oxidation
process was simulated by conducting the following experiment:
1. Four gallons of unused 75W-90 gearbox oil in an aluminum can were subjected to an
accelerated oxidation in a thermochamber stabilized at 150 OC.
2. After every 100 hours, a 1000 mL of oil were drawn and added into the test fixture shown
in Figure 4.2. Mixture was stirred to achieve homogeneity and to remove entrained air
before closing the lid of the vented fixture.
3. The fixture was then placed in a thermochamber stabilized at 40 OC and allowed to sit for
1 hour for the oil temperature to reach a steady state, after which the kinematic viscosity
and oil temperature were measured at a sample rate of every 5 minutes for 1 hour.
4. Steps 2-3 were repeated until the oil sample had been subjected to an accelerated
oxidation for a period of 1000 hours.

The oxidation rate of oil increases rapidly with incremental exposure to high temperature
stabilized at 150

O

C. The prolonged high temperature exposure applied in this study was

relatively much higher than the typical temperature exposure in a gearbox environment during
normal vehicle operation, which may see an excursion of up to 150 OC but only for a short
duration, typically less than 5 hours per given drive cycle depending on the prevailing climatic
conditions, road grade and the gearbox load [7]. The intent of the prolonged high temperature
exposure was to accelerate the oxidation process, therefore to simulate oil aging in a more severe
test environment than that typically experienced during normal vehicle operation. This represents
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typical oxidation levels in a gearbox oil after more than 250,000 miles for a commercial vehicle
such as in trucks and buses [7].
During the accelerated oxidation process, oil samples (100 mL) were drawn after every
100 hours and sent to an off-site laboratory to quantify changes in viscosity using a viscometer
per the ASTM D 445 standard. In this standard, an oil sample is drawn into a calibrated capillary
glass tube stabilized in a constant-temperature bath at either 40 OC or 100 OC [8]. Once the oil
sample reaches thermal equilibrium, it is allowed to flow down the capillary tube under the force
of gravity at a predetermined distance, as shown in Figure 4.5. Viscosity is determined by
measuring the time necessary for a specified oil volume to flow through the calibrated capillary
tube. The measured time is multiplied by a calibration constant, and the result is reported as the
oil’s kinematic viscosity in centistokes (cSt).
Figure 4.6 show plots of the measured kinematic viscosity using the tuning fork
resonator as well as the measured kinematic viscosity using an off-line viscometer, both as a
function of time. From these plots, it is evident that the measured kinematic viscosity using the
two techniques tracks and almost overlaps each other, which demonstrates the accuracy of the
tuning fork resonator within the cactus oil condition sensor in quantifying the oil oxidation in
terms of changes in viscosity.
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Figure 4.5: Viscometer for measuring oil viscosity, courtesy of Apex oil lab in Grand
Rapids.

Measured Viscosity (cSt)

200
Online QTF Viscosity @ 40°C

190

Off-line Viscometer @ 40°C

180
170
160
150
140
130
120
0

100

200

300

400

500

600

700

800

900 1000

Oxidation (Hours)
Figure 4.6: Oxidation as a function of changes in kinematic viscosity using an online
tuning fork resonator in comparison to an off-site viscometer.
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4.3.4 Oxidation as a Function of Oil Acidity
During the accelerated oxidation simulation, oil samples (100 mL) were drawn at
intervals of 100 hours and sent to an off-site laboratory to quantify changes in oil acidity using
total acid number (TAN) method per the ASTM D664. TAN is a measure of oil acidity which is
determined by measuring the amount of potassium hydroxide in milligrams that is required to
neutralize the acids in one gram of oil [9]. Figure 4.7 show plots of the measured kinematic
viscosity using the tuning fork resonator and the acidity measurement using TAN method, both
as a function of time. From these plots, it is evident that the measured kinematic viscosity trends
the increase in oil acidity using TAN method. This plot also demonstrates the accuracy of the
tuning fork resonator within COCS in quantifying oxidation in terms of changes in viscosity.
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Figure 4.7: Oxidation as a function of measured changes in kinematic viscosity in
comparison to measured oil acidity using an offline total acid number (TAN) method.
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The above measured increases in oil’s viscosity and acidity can be explained by the
polymerization of oxidation bi-products due to a chemical reaction whereby the lubricant’s base
stock reacts with oxygen resulting in the formation of insoluble bi-products such as acids, sludge
and vanish. This usually follows the depletion of the anti-oxidant, which is part of the oil
additive package. As carboxylic acidic compounds dimerize, the median density of the molecules
increases resulting in an increase in viscosity [10].
A rapid increase in oil viscosity or acidity often indicates an accelerated oxidation, which
ushers in the onset of sludge and varnish formation, therefore suggests that the lubricant has
reached the end of its useful life. The critical or condemnation limit set by the industry is defined
as an increase in viscosity by more than 20% or an increase in acidity more than 2 mg[KOH/g]
from unused oil at 25 OC [10]. The measured total acid number (TAN), changes in viscosity and
the calculated percent change in viscosity obtained during the accelerated oxidation study are
summarized in Table 4.3.
Table 4.3: Measured total acid number (TAN) and percent change in viscosity.
Oxidation Total Acid Number
(Hours)
[mg KOH/g] @ 25°C
0
0.19
100
0.28
200
0.43
300
0.51
400
0.73
500
0.87
600
1.02
700
1.37
800
1.58
900
1.99
1000
2.48

Viscosity (cSt)
@ 25°C
357.185
369.406
374.635
379.875
385.058
390.139
398.024
406.525
416.165
427.522
441.945
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% Change in
Viscosity @ 25°C
0.00%
3.42%
4.89%
6.35%
7.80%
9.23%
11.43%
13.81%
16.51%
19.69%
23.73%

4.3.5 Water Contamination Monitor Using Humidity Sensor
Water contamination in gearbox can lead to the displacement of oil film at the gear mesh,
which reduces oil’s lubricity by allowing surface to surface contact, resulting in increased
friction, wear and corrosion. Water can also form an emulsion and thereby change the oil’s
viscosity [11]. Sources of water contamination in a gearbox include leakage through the seals
and vents, condensation of atmospheric humidity and oil top-ups. To simulate water
contamination, unused 75W-90 gearbox oil was contaminated with tap water in a monotonically
increasing manner from 0 to 10,000 ppm (1.0%) water by volume. The water contamination
level applied in this study was relatively much higher than the typical water content found in a
vehicle gearbox oil, which typically ranges between 900-1,400 ppm after approximately 35,000
miles for a passenger car gearbox or between 2,800-3,500 ppm after about 100,000 miles for a
commercial vehicle gearbox such as in trucks and buses, which includes both city and highway
driving [12]. Water contamination sweeps were applied rather than random variations in order to
develop a progression trend while minimizing the amount of oil used during the test. The
experimental procedure was conducted as follows:
1. A 1000 mL of unused 75W-90 gearbox oil were added into the fabricated test fixture
shown in Figure 4.2. The fixture was then placed in a thermochamber stabilized at 40 OC.
2. Water droplets in increments of 0.5 mL were added into the fixture using a graduated
cylinder. Mixture was stirred to achieve homogeneity. Water content was then measured
using the on-line humidity sensor at a sample rate of every 5 minutes for 1 hour.
3. Steps 1 and 2 were repeated until the added water content had reached 10,000 ppm
(1.0%) water by volume, exceeding the critical (condemning) limit defined as 5,000 ppm
(0.5%), per the industry standard for the maximum allowable water in gearbox oil [12].
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Samples of the contaminated oil were also submitted to an off-site laboratory for water
content analysis using a coulometric Karl-Fisher test per the ASTM D 6304 standard. Per this
standard, a reagent comprising of silicon dioxide and iodine are combined with methanol solvent
in a titration cell. The water contaminated oil sample is also added into the titration cell. When
an electric current is applied, the reagent is released by an induction process. Since water and
iodine are consumed in equimolar amounts, the amount of iodine consumed is the determinant of
the water content in the given oil sample [13]. Figure 4.8 show plots of the measured water
content using an on-line humidity sensor in comparison to the off-line Karl Fisher titration
method, both as a function of the added water. From these plots, it is evident that the measured
water content using both techniques tracked and nearly overlapped each other. This plot

Measured Water Content (ppm)

demonstrates the accuracy of on-line humidity sensor in quantifying water content in oil.
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Figure 4.8: Plots of measured water content using online humidity sensor in comparison to
offline Karl Fisher titration method, both as a function of the added water.
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The accuracy of the measured parameters using cactus oil condition sensor (COCS) are
summarized in Table 4.4. Accuracy is defined as the amount of uncertainty in measurements
with respect to an absolute standard of the measured parameters. The repeatability of the
measured parameters are summarized in Table 4.5. Repeatability is the maximum variation in
measurements of the same parameter under the same conditions within a short period of time.

Table 4.4: Accuracy of the cactus oil condition sensor measurement parameters.
Parameter
Kinematic Viscosity
Density
Relative humidity
Temperature

Accuracy
2.5 % full scale from 0 to 2000 cSt
0.5 % full scale from 600 to 1500 Kg.m
3.0 % full scale from 0 to 100 %RH
0.5 °C full scale from 0 to 100 OC

-3

Table 4.5: Repeatability of the cactus oil condition sensor measurement parameters.
Parameter
Kinematic Viscosity
Density
Relative humidity
Temperature

Repeatability
1.5 % full scale from 0 to 2000 cSt
0.5 % full scale from 600 to 1500 Kg.m
1.0 % full scale from 0 to 100 %RH
0.2 °C full scale from 0 to 100 OC

-3

4.3.6 Particle Contamination Analysis Using Hall effect Sensor
The primary source of particle contaminants in a gearbox comes from metal shavings or
debris from rotating parts such as gears, shafts and bearings due to friction from the cyclic,
sliding contact and localized stresses [14]. Friction inhibits movement between rotating parts
which reduces mechanical efficiency, leading to wear. To quantify ferrous particle debris in oil,
the design of a multi-functional sensor was investigated, a prototype built using a Hall effect
transducer and characterized. The designed particle contaminants monitor system is capable of
quantifying both ferrous particle debris and oil level, as was described in Chapter 3 section 3.5.
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In this study, the focus is on particle contaminants monitor in the gearbox oil. This was
simulated by locking the float in a single position, and then adding ferrous particle debris ranging
between 1 to 200 micrometers in size in incremental quantities of 100 ppm (where 1 ppm = 1
mg/L) from 0 to 1000 ppm. This exceeded the critical (condemning) limit defined as 500 ppm
per the international standards organization (ISO). The ISO 4406 cleanliness code applies
particle counter (gravimetric) method, which relates the number of particles per milliliter of fluid
to a logarithmic scale with a code number for particle debris sizes density in each range [15].
The designed particle contaminants monitor system provides an output voltage that is
proportional to the ferrous particle debris build-up on the magnet surface as a function of
orthogonal magnetic field component (B z ) relative to the sensor surface. This represents the
magnetic field offsets due to an effective change in air-gap as a result of ferrous debris build-up
on the magnet surface. The experimental set-up for the particle contaminants monitor system is
shown in Figure 4.9.
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Figure 4.9: Experimental set-up for ferrous particle contaminants monitor system.

The particle contaminants monitor system was connected to the transmission control unit
(TCU) that provides 5 volts input to power the sensor and also reads the sensor output via an
analog-to-digital (ADC) channel. The TCU has an on-board intelligent measurement amplifier
for synchronized data capture, conditioning and processing of both analog and digital signals.
The TCU collects the sensor readings through an ADC channel, performs signal post processing,
and then sends out the output signal to the PC. To simulate particle contamination in a gearbox,
the experimental procedure was conducted as follows:
1. A 1000 mL of unused 75W-90 gearbox oil were added into the fixture shown in Figure
4.9. Ferrous particle debris ranging between 1 to 200 micrometers in size were then
added into the oil in increments of 100 ppm. Mixture was stirred to achieve homogeneity
and to remove entrained air.
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2. The contaminated oil was left unperturbed for 4 hours to allow ferrous particle debris to
enter inside the cylindrical sensor housing via perforated holes at the bottom due to the
attractive force from the magnet located on top of the hollow float.
3. The particle debris concentration in oil was then quantified using the designed particle
contaminant monitor at a sample rate of every 5 minutes for 1 hour.
4. Steps 1-3 were repeated until the particle debris content in oil had reached 1000 ppm.

After every 100 ppm increment, a sample (100 mL) of particle contaminated oil was
drawn and sent to an off-site laboratory to quantify the particle debris content using an
inductively coupled plasma (ICP) spectroscopy. In this approach, an oil sample is ionized using
an inductively coupled plasma. This excites the atoms into vapor form, generating visible and
ultraviolet light spectrum. Each element produces a corresponding frequency in the spectrum.
The concentration of the element is directly proportional to the intensity of the light emitted [16].
Figure 4.10 show plots of the measured ferrous particle debris using particle contaminant
monitor in terms of an output voltage in comparison to the off-site ICP technique, both as a
function of the added particle contaminants in ppm. From these plots, it is evident that the
measured particle debris using both techniques tracked and nearly overlapped with each other.
This demonstrates the accuracy of the developed particle contaminants monitor system.
During normal gearbox operation, small wear particles ranging between 1 to 50
micrometers are generated due to transient effects such as rolling and sliding velocities as well as
inhomogeneous surface finish. When abnormal wear begins, typically due to deflections and
misalignments in gears and shafts, large particles are generated ranging between 50 to 200
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micrometers [14]. Small particles represent the residue history while large particles represent the
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Figure 4.10: Particle contaminants monitor using Hall effect sensor versus an off-site
laboratory using an Inductively Coupled Plasma (ICP) Spectrometer.

4.4 The Influence of Multiple Oil Contaminants on Monitored Parameters
The lubricant oil is not just exposed to one contaminant while operating inside the
gearbox. Instead, it is exposed to multiple contaminants, which at times occurs concurrently. The
interactions of such concurrent multiple contaminants can have adverse effects on the lubricant’s
degradation process as well as on the measured sensor parameters either by amplification or
cancellation of the measured parameters. An efficient and reliable oil condition monitoring
system is therefore required to have maximum selectivity for the monitored parameters and
minimal susceptibility to other external influences within its environment. The following section
presents an analysis of the interactions of multiple contaminants on the measured sensors data.
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The intent was to study the influence of concurrent oxidative degradation, water and particle
contamination on the measured kinematic viscosity, humidity and output voltage, respectively.
During the application of the incremental multiple contaminants, the oil test sample was
subjected to rapid alternating temperature exposure from 0

O

C to 100

O

C. The cyclical

temperature fluctuations applied in this study were slightly higher than the typical oil
temperature in a gearbox sump during normal vehicle operation, which on average typically
range between 5 OC to 85 OC [8]. This depends on the prevailing climatic conditions and the
drive cycle profile such as the number of cold starts, distance between starts and stops, city
versus highway driving, terrain topography, etc. The wide cyclical temperature spectrum applied
in this study was intended to simulate oil aging in a more severe test environment than the
typical operating temperature experienced during normal vehicle operation and for obtaining
more information for a given test time.

4.4.1 Effect of Multiple Contaminants on Measured Viscosity
The following section presents an analysis of the effect of each of the three primary
contaminants on the measured sensor parameters followed by an analysis of concurrent multiple
contaminants on the same measured sensor parameter.

4.4.1.1 Kinematic Viscosity Changes Due to Oxidation
To simulate the effects of oxidative degradation on the measured oil viscosity in a
gearbox, an accelerated oil oxidation was performed by subjecting four gallons of unused 75W90 gearbox oil in an aluminum can to a high temperature in a thermochamber stabilized at
150 OC for duration of 1000 hours. After every 100 hours, a 1000 mL of oil was drawn, and then
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added into the test fixture shown in Figure 4.2, which was placed inside a different
thermochamber stabilized at 0 OC. Mixture was stirred to achieve homogeneity and to remove
entrained air. The thermochamber temperature was then ramped from 0 OC to 100 OC to simulate
extreme temperature fluctuations in a vehicle, while monitoring the change in kinematic
viscosity as a function of temperature.
Figure 4.11 shows the recorded changes in kinematic viscosity after the oil sample
exposure to hot soak in a thermochamber stabilized at 150 OC. This was intended to simulate
accelerated oxidation levels. Figure 4.11 also shows three different plots of kinematic viscosity
as a function of temperature after hot soak for 0, 500 and 1000 hours at 150 OC. A significant
increase in kinematic viscosity was recorded by up to 37.4% from unused oil after the hot soak in
a thermochamber for 1000 hours. This increase in oil’s kinematic viscosity can be explained by
the polymerization of oxidation bi-products due to a chemical reaction whereby the lubricant’s
base stock reacts with oxygen resulting in the formation of insoluble bi-products such as acids,
sludge and vanish. As carboxylic acidic compounds dimerize, the median density of the
molecules increases resulting in an increase in viscosity.
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Figure 4.11: Kinematic viscosity as a function of temperature after several hours of hot
soak in a thermochamber to simulate an accelerated oil oxidation.

4.4.1.2 Kinematic Viscosity Changes Due to Water Contamination
In a gearbox, water contamination can lead to reduced oil film thickness leading to an
accelerated corrosion. Water can also lead to the displacement of oil film at the gear mesh, which
reduces oil’s lubricity by allowing metal to metal contact, resulting in increased friction and
wear. To simulate the effects of water contamination on the lubricant’s viscosity in the gearbox,
an oil sample was contaminated with water monotonically from 0 to 10,000 ppm (1.0%) by
volume. The procedure involved contaminating a 1000 mL of unused 75W-90 gearbox oil with
water droplets in increments of 0.5 mL using a graduated cylinder in a test fixture, as was shown
in Figure 4.2. Mixture was stirred to achieve homogeneity and to remove entrained air before
closing the lid. The fixture was then placed in a thermochamber stabilized at 0 OC and was left
unperturbed for 1 hour for the oil temperature to reach a steady state. The thermochamber
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temperature was then ramped from 0 OC to 100 OC to simulate extreme temperature fluctuations
in gearbox, while monitoring the change in kinematic viscosity as a function of temperature, as
shown in Figure 4.12. From this plot, a slight increase in kinematic viscosity was recorded by up
to 6.34% from unused oil due to incremental water contamination. The slight increase in
viscosity was due to emulsification and polymerization of oil. While viscosity is not a direct
measure of the percentage of water in oil, these plots demonstrate that a tuning fork resonator
can be reliably used to quantify changes in oil viscosity due to water contamination.
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Figure 4.12: Kinematic viscosity as a function of temperature at various water
contamination levels.

4.4.1.3 Kinematic Viscosity Changes Due to Particle Debris
To simulate the effects of particle debris on the oil viscosity, unused 75W-90 gearbox oil
was contaminated with ferrous particle debris ranging between 1 to 200 micrometers in diameter
in increments of 100 ppm within the test fixture shown in Figure 4.8. The mixture was stirred
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after each increment, to achieve homogeneity and to remove entrained air. The contaminated oil
sample in the fixture was then placed in a thermochamber stabilized at 0 OC and was left
unperturbed for 4 hours to allow ferrous debris to enter inside the cylindrical sensor housing via
the perforated holes at the bottom. The thermochamber temperature was then ramped from 0 OC
to 100 OC to simulate extreme temperature fluctuations in a gearbox, while monitoring changes
in the kinematic viscosity as a function of temperature, as shown in Figure 4.13. From these
plots, there were no discernible change in kinematic viscosity due to incremental particle
contamination. However, depending on the size and density, finer particle debris that float in oil
can have a slight increase in viscosity while courser particles form sedimentation hence tends to
settle at bottom of the oil sump.
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Figure 4.13: Kinematic viscosity as a function of temperature at various particle
contaminants levels.

4.4.1.4 Viscosity Changes Due to Combined Oxidation, Water and Particle
Contamination
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The experimental procedure to quantify the influence of concurrent oxidation, water and
particle debris on the measured kinematic viscosity was conducted as follows:
1. Two gallons of unused 75W-90 gearbox oil in a can were subjected to an accelerated
oxidation in a thermochamber stabilized at 150 OC. Water droplets in increments of 0.5
mL and ferrous debris in increments of 100 ppm were added after every 100 hours.
Mixture was stirred to achieve homogeneity and to remove entrained air.
2. After every 100 hours, a 1000 mL of oil was drawn and added into the test fixture shown
in Figure 4.2. The fixture was then placed in a different thermochamber stabilized at 0 OC
and was left unperturbed for 4 hours. The thermochamber temperature was then ramped
from 0 OC to 100 OC while monitoring the changes in kinematic viscosity as a function of
temperature.
3. Steps 1 and 2 were repeated until the oil sample had been subjected to an accelerated
oxidation for duration of 1000 hours, the water content had reached 10,000 ppm (1.0%)
water by volume and particle debris level had reached 1000 ppm.

Figure 4.14 show plots of measured kinematic viscosity as function of temperature due to
the combined influence of oxidation, water and particle contaminants. It can be noted that an
increase in kinematic viscosity was recorded by up to 38.9% from unused oil. It has already been
shown in section 4.4.1.1 that oxidation alone can lead to an increase in viscosity by up to 37.4%
from unused oil after hot soak in a thermochamber for 1000 hours. It has also been shown that
water contamination alone recorded a marginal increase in viscosity by up to 6.34% from unused
oil after incremental water contamination of up to 10,000 ppm. However, when an accelerated
oxidation is combined with water contamination, most of the water content is lost due to
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evaporation at high temperatures hence the added water had minimal effect on the lubricant’s
viscosity, as shown in Figure 4.14. Once again ferrous particle debris had negligible effect on the
measured viscosity. Therefore, in the presence of concurrent influence of oxidation, water and
particle debris, the dominant influence on the measured viscosity is mainly due to the accelerated
oxidation. Prolonged oxidation produces the chemical effect of increased acidity leading to
corrosion while physically, it produces a net effect of increased viscosity. A significant increase
in viscosity can lead to loss of oil film resulting in excessive wear. This can also precipitate to
increased viscous friction leading to excessive energy inform of heat generation and eventual

Kinematic viscosity (cSt)

gearbox failure.

2000

K. Viscosity_Hot Soak @ 0 hours

1800

K. Viscosity_Hot Soak @ 500 hours

1600

K. Viscosity_Hot Soak @ 1000 hours

1400
1200
1000
800
600
400
200
0
0

10

20

30

40

50

60

70

80

90

100

Temperature (°C)
Figure 4.14: Kinematic viscosity as a function of temperature due to concurrent
oxidation, water and particle contaminants.
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4.4.2 Effect of Multiple Contaminants on Measured Humidity
The following section presents an analysis of the effect of each of the three primary
contaminants on the measured humidity followed by an analysis of concurrent multiple
contaminants on the measured humidity.

4.4.2.1 Humidity Changes Due to Water Contamination
To simulate the effects of measured humidity due to incremental water contamination in
the gearbox, an oil sample was artificially contaminated with water from 0 to 10,000 ppm (1.0%)
water by volume. The procedure involved contaminating a 1000 mL of unused 75W-90 gearbox
oil with water droplets in increments of 0.5 mL in the test fixture shown in Figure 4.2 using a
graduated cylinder. Mixture was stirred to achieve homogeneity and to remove entrained air.
The fixture was then placed in a thermochamber stabilized at 0 OC and allowed to sit for
1 hour for the oil temperature to reach a steady state. The thermochamber temperature was then
ramped from 0 OC to 100 OC to simulate extreme temperature fluctuations in a gearbox, while
monitoring humidity as a function of temperature, as shown in Figure 4.15. As can be expected,
the measured water content increased with incremental water contamination. It can also be noted
that the measured water content decreased as the oil sample was heated from 0 OC to 100 OC due
to evaporation.
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Figure 4.15: Water content as a function of temperature at various water contamination
levels.

4.4.2.2 Humidity Changes Due to Oxidation
To study the effects of humidity changes due to oxidation, an accelerated oil oxidation
was performed by subjecting unused 75W-90 gearbox oil to a high temperature stabilized at
150 OC in a thermochamber for duration of 1000 hours. After every 100 hours, a 1000 mL of oil
was drawn, and added to the test fixture shown in Figure 4.2. Mixture was stirred to achieve
homogeneity and to remove entrained air. The sample was then subjected to alternating
temperature variations from 0 OC to 100 OC to simulate extreme temperature fluctuations in a
gearbox, while monitoring the water content as a function of temperature, as shown in Figure
4.16. From this plot, a decrease in water content within the test oil sample was recorded by up to
50%, mainly due to evaporation during the accelerated oxidation. It should be noted that unused
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75W-90 gearbox oil contains water content in the range of 400 ppm to 500 ppm at room
temperature [12].
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Figure 4.16: Water content as a function of temperature at various oxidation levels.

4.4.2.3 Humidity Changes Due to Ferrous Particle Debris
To simulate the effects of measured humidity due to particle debris in a gearbox, unused
75W-90 gearbox oil was contaminated with ferrous particle debris ranging between 1 to 200
micrometers in diameter in increments of 100 ppm in the test fixture shown in Figure 4.8.
Mixture was stirred to achieve homogeneity and to remove entrained air in a thermochamber
stabilized at 0 OC. The sample was left unperturbed for 4 hours to allow particle debris to enter
inside the cylindrical sensor housing via the perforated holes at the bottom. The thermochamber
temperature was then ramped from 0 OC to 100 OC to simulate extreme temperature fluctuations
in a gearbox, while monitoring the water content as a function of temperature, as shown in
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Figure 4.17. From this plot, there was no discernible change in water content due to particle
debris, which is not surprising since the two contaminants are mutually exclusive.
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Figure 4.17: Water as a function of temperature at various particle contamination levels.

4.4.2.4 Humidity Changes Due to Concurrent Oxidation, Water and Particle
Contamination
To simulate the influence of concurrent oxidation, humidity and particle debris on the
measured humidity, the experimental procedure was conducted as follows:
1. Two gallons of unused 75W-90 gearbox oil in an aluminum can were subjected to an
accelerated oxidation in a thermochamber stabilized at 150

O

C. Water droplets in

increments of 0.5 mL and ferrous debris in increments of 100 ppm were added after every
100 hours. Mixture was stirred to achieve homogeneity and to remove entrained air.
2. After every 100 hours, a 1000 mL of oil was drawn and added into the test fixture shown
in Figure 4.2 located in a different thermochamber stabilized at 0 OC. The mixture was
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left unperturbed for 4 hours. The thermochamber temperature was then ramped from
0

O

C to 100

O

C while monitoring changes in the water content as a function of

temperature.
3. Steps 1 and 2 were repeated until the oil sample had been subjected to an accelerated
oxidation for duration of 1000 hours, and the water content had reached 10,000 ppm
(1.0%) by volume whereas particle debris content had reached 1000 ppm.

Figure 4.18 shows the plot of humidity as a function of temperature due to combined
influence of oxidation, water and particle contamination. From this plot, a significant decrease in
water content was noted, primarily due to evaporation of the added water in oil during the
accelerated oxidation. Once again, there was no discernible change in humidity due to
incremental particle debris. Therefore, in the presence of concurrent influence of oxidation,
water and particle debris, a decrease in water content can be expected due to evaporation.
However, no interaction between oxidation, water and particle debris was noted from the
monitored water content. Depending on the contamination thresholds, the presence of water in
gearbox oil is often indicated by a cloudy or hazy appearance.

123

1,200

Water Content (ppm)

1,000
800
600
400
Humidity after hot soak @ 0 hours

200

Humidity after hot soak @ 500 hours
Humidity after hot soak @ 1000 hours

0
0

20

40

60

80

100

Temperature (°C)
Figure 4.18: Oil humidity as a function of temperature due to concurrent oxidation,
water and particle contaminants.

4.5

Critical limits
The industry critical limits for the maximum allowable changes in oil viscosity, water

content and particle debris in gearbox oil are summarized in Table 4.6 [17]. These limits are not
specific to a particular gearbox oil type. For this reason, these limits were used merely as
guidelines in selecting the various contamination thresholds.

Table 4.6: Critical limits for viscosity change, water and particle debris in gearbox oil.
Property
Viscosity at 40 OC
Acidity
Water contamination
Particle debris

Critical Limits
> 20% increase or decrease from unused oil
> 2.0 mg [KOH/g] increase from unused oil
> 5000 ppm (0.5%)
> 500 ppm
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4.6

Summary
In this chapter, qualitative and quantitative analyses have been presented to quantify the

gearbox oil under the influence of three primary contaminants, namely: oxidation, water and
particle contaminants. A detailed discussion of the experimental work has been provided
including a description of the test set-up and the measurement results. The measured results have
been compared against several established off-site laboratory techniques, which have provided
complementary data to validate the accuracy of the chosen condition monitoring methodology.
Artificially contaminated lubricant samples have been developed to simulate an
accelerated gearbox oil aging process under the influence of oxidative degradation and
contaminants such as water and particle debris. Such an accelerated oil aging process provides
critical and useful information for long term performance prediction within a short time duration
efficiently both in terms of cost and resources due to increased stress levels. The effects of
concurrent multiple contaminants have also been investigated to characterize the susceptibility of
the monitored parameters in the presence of more than one contaminant. The sensors data have
been shown to have high selectivity on the measured parameters with negligible susceptibility to
influences from other concurrent contaminants.
In chapter 5, a prognostic methodology for the lubricant remaining useful life prediction
will be presented using Bayesian inferential technique called particle filtering. The mathematical
concepts behind particle filtering algorithms will be presented along with the algorithms
implementation for gearbox oil feature extraction. The application of particle filtering technique
will also be presented as a prognostics tool capable of long-term predictions, describing the
evolution in time of the fault indicators for purposes of estimating the remaining useful life
(RUL) of a degrading system long before failure manifestation.
125

4.7 References
1. Donzier, E. (2013). Density and Viscosity sensor and measurement method. U.S. Patent
Application No. 14/394,085.
2. Troyer, D. (2002). Understanding Absolute and Kinematic Viscosity. Practicing Oil Analysis
Magazine. March 2002.
3. Liu, Y., Wang, Q. J., Wang, W., Hu, Y., Zhu, D., Krupka, I., & Hartl, M. (2006). EHL
simulation using the free-volume viscosity model. Tribology Letters, 23(1), 27-37.
4. Sánchez-Rubio, M., Chinas-Castillo, F., Ruiz-Aquino, F., & Lara-Romero, J. (2006). A new
focus on the Walther equation for lubricant viscosity determination. Lubrication Science,
18(2), 95-107.
5. Haycock, R., Caines, A. J., Haycock, R. F., & Hillier, J. E. (2004). Automotive lubricants
reference book, vol. 354. John Wiley & Sons.
6. Zhu, J. (2013). Online Industrial Lubrication Oil Health Condition Monitoring, Diagnosis
and Prognostics (Doctoral dissertation, University of Illinois at Chicago).
7. Mortier, R. M. (2010). Chemistry and Technology of Lubricants. 3rd edition, Springer
Science Business Media.
8. Speight, J. G. (2014). The chemistry and technology of petroleum. CRC press.
9. Mahajan, S., & Konar, S. K. (2006). Determining the acid number of biodiesel. Journal of
the American Oil Chemists' Society, 83(6), 567-570.
10. Diaby, M., Sablier, M., Le Negrate, A., El Fassi, M., & Bocquet, J. (2009). Understanding
carbonaceous deposit formation resulting from engine oil degradation. Carbon, 47(2), 355366.

126

11. Cantley, R. E. (2008). The Effect of Water in Lubricating Oil on Bearing Fatigue Life. ASLE
Transactions, American Society of Lubrication Engineers, 20(3), pp. 244-248.
12. Booser, R. E. (2000). Handbook of Lubrication. Boca Raton: CRC Press.
13. Nadkarni, R., & McKlindon, A. (2011). ASTM Proficiency Testing Programs for Biofuels.
In Biofuels. ASTM International.
14. Li, S., & Kahraman, A. (2013). A physics-based model to predict micro-pitting lives of
lubricated point contacts. International Journal of Fatigue, 47, 205-215.
15. LU, J., Jia, R., & Xia, Z. (2006). A Brief Introduction of the New and the Old Versions of
ISO 4406 Contamination Level Standards and Reasons for the Revision [J]. Machine Tool &
Hydraulics, 5, 080.
16. Thompson, M. (2012). Handbook of inductively coupled plasma spectrometry. Springer
Science & Business Media.
17. Speight, J. G. (2014). The chemistry and technology of petroleum. CRC press.

127

CHAPTER V
REMAINING USEFUL LIFE PREDICTION USING PARTICLE
FILTERING TECHNIQUE
5.1

Introduction
A wide spectrum of practical dynamic systems analyses necessitate on-line estimation

and prediction of an evolving set of parameters where the uncertainty of a hypothesis is modeled
using recursive filtering algorithms. For instance, in robotics, object tracking, navigation and
control, weather predictions, statistics, etc. Such recursive filtering algorithms often include a
dynamic model that describes the system’s evolution and an observation model that defines the
relationship between the evolving parameters and the available measurement data. Such models
can be expressed using Bayesian inference. Bayesian belongs to a class of statistical technique
for estimating an unknown probability density function recursively by incorporating prior
knowledge of the system behavior and the measurement data as the evidence [1].

5.2 Bayesian Recursive Filters
The Kalman filter is one of the common Bayesian inferential techniques for tracking and
estimating the state of dynamic systems due to its simplicity, formulation and computational
efficiency [2]. The Kalman filter is a recursive estimator where the probability of a hypothesis is
updated sequentially based on observed data. Therefore, it is an algorithm permitting exact
inference in a dynamic linear system. However, despite its capability, the Kalman filter is a
linear recursive estimator, therefore applies only to Gaussian densities with known means and
covariances, and is optimal only if the following assumptions hold true [3]:
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1. The dynamic system model is a linear function of the state and process noise are additive.
2. Gaussian distributions with known initial parameters.
3. The posterior density function at every time step is Gaussian hence parameterized by a
mean and a covariance.

5.2.1 Kalman Filter and Its Variants
The real-world dynamic systems are not always both linear and Gaussian. However,
Kalman filter performs poorly in cases where the linearity and Gaussianity assumptions do not
hold true, which can result in analytically intractable systems. This has necessitated the
development of nonlinear versions of Kalman filter such as the Extended Kalman Filter (EKF),
which is a local linearized version of Kalman filter [4]. The EKF linearizes the non-linear
function locally using the first term of its Taylor series expansion. However, even though the
EKF extends the applicability of the Kalman filter to nonlinear dynamic systems and
measurement models, it suffers from poor detection and imprecise prediction, particularly when
the higher order terms start to dominate such as when perturbation grows in magnitude over time
due to nonlinear effects.
The higher-order EKF algorithms using the second or even higher order terms in the
Taylor series expansion were introduced to overcome this weakness [5]. However, the higherorder EKF also suffers from divergence due to over-simplification of the state covariance matrix
in all dimensions as a result of nonlinearities in the measurement model. When the assumptions
of local linearity are violated, this can result in highly unstable filters leading to divergence
phenomena. Also the use of Jacobian matrices to linearize the nonlinear models can be
computationally intensive due to increased processing and execution time.
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The Unscented Kalman Filter (UKF), also called sigma point Kalman filter (SPKF)
proposed by Julier and Uhlman addressed the above limitations of the EKF using a deterministic
sampling approach [6]. The UKF uses a statistical distribution of the state which is propagated
through the nonlinear models using a set of deterministically chosen sample points, called sigma
points around the mean. These sample points capture the actual covariance and mean of the
Gaussian random variable. When propagated through a true nonlinear system, it can capture the
posterior covariance and mean accurately for any nonlinearity up to the second-order of Taylor
series expansion in comparison to the EKF that can attain the posterior covariance and mean
accurately only for the first-order [7]. However, even though the UKF technique has been
applied successfully in certain settings, it is valid only if the posterior distribution can be
approximated by a Gaussian distribution, which implies that it remains unimodal, which is not
always true in many nonlinear state-space systems.

5.2.2 Particle Filtering
Particle filtering (PF) is another Bayesian recursive filtering technique for tracking and
estimating the state of dynamic systems. PF belongs to a class of Sequential Monte Carlo (SMC)
methods for modeling non-linear systems with non-Gaussian noise by incorporating the available
information from system measurements and the developed physics models to identify model
parameters for predicting future system behavior [8]. Monte Carlo methods, also called Monte
Carlo simulations, are a set of computational algorithms that rely on repetitive random sampling
in order to obtain numerical results. In PF, the posterior distribution is represented by a
compilation of random samples with respective importance weights. The locations of the
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particles in the state-space, and their relative weights are updated recursively according to the
Bayesian rule [9].
Particle filtering method originated from the pioneering works of Arulampalam and
Ristic [10]. The initial attempts were based on sequential renditions of the importance sampling
criterion, a technique that constitute replicating samples within a proposal distribution and then
weighting the chosen samples using conveniently identified importance weights in order to
approximate the target distribution. The importance sampling algorithms can be implemented
sequentially by appropriately defining a sequence of distributions hence it is not necessary to
reconstruct the samples population from scratch every time a new observation or measurement
data is received. This algorithm is referred to as sequential importance sampling (SIS) [10].
Although the discovery of SIS algorithm dates back to early 1970s, its application in
dynamic systems nonlinear filtering was rather limited for decades after its inception partly due
to the limited computational power at the time. Another drawback that stagnated the pick-up of
SIS algorithm was that as the sampling count increases, the importance weights tend to decay, a
scheme where majority of the particles have negligible weights, a phenomenon also known as
particle depletion [11]. The solution proposed by [11] helps avoid sample degeneracy whereby
particles with negligible weights are deleted and particles with high weights are duplicated, a
technique called sequential importance resampling (SIR).
The choice of a filter is often dictated by the nature of the dynamic system. For instance,
when dealing with a linear system with Gaussian noise, Kalman filtering is optimal since it
minimizes the estimated error covariance. But when it comes to a non-linear system with
Gaussian noise, either the Extended or Unscented Kalman Filter can be applied. However, when
dealing with non-linear system with non-Gaussian noise, particle filtering technique is ideal [12].
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A flow chart of the sequential importance resampling (SIR) algorithm for particle filtering
highlighting the various stages is shown in Figure 5.1.

Figure 5.1: Sequential importance resampling (SIR) algorithm for particle filtering.

Particle filtering (PF) technique offers a number of significant advantages in comparison
to the Kalman filtering and other Bayesian recursive filtering techniques. These advantages arise
principally from the non-reliance on any local linearization technique or functional
approximation. This allows interpretation of complete posterior distributions using generic statespace models, which can be both non-linear and non-Gaussian [12]. For instance, whereas the
EKF and UKF allow approximation of only the first and second-order statistics, PF allow for
computation of a myriad of moments, kurtosis, quantiles and very high posterior density regions.
PF technique is also scalable, and the accuracy of the predicted estimates depends only on the
particle population size used in approximating the distribution.
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A sample is referred to as a particle because the probability density function describes its
discrete nature and its discrete representation. Each particle represents a hypothesis of the state
and is randomly drawn from the prior density. Expressing the posterior using particles makes it
possible to approximate its probability density function using the Bayesian rule. This structure
allows any kind of probability distribution since the distributions are represented by samples
chosen from the state-space instead of some parameters like the mean and covariance [13]. Such
advantages have allowed successful application of PF in many different fields including signal
processing, tracking, control, robotics, statistics, etc. A Bayesian filtering hierarchy for both
Gaussian and non-Gaussian cases is shown in Figure 5.2.

Figure 5.2: Bayesian recursive filters hierarchy, adapted from [14].
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5.3

Particle Filtering Mathematical Models
Particle filtering combines measurement data with physics models and therefore can be

formulated as a state estimation problem using nonlinear state space models. The posterior is
represented by a set of hypotheses in which each hypothesis represents one potential state that
the system might be in. The state hypotheses are represented by a set of weighted random
samples whereby the weight is a non-zero value and the sum of all weights is 1 [14]. For this
study, the state transition function represents the degradation in time of the gearbox oil. The
observation or measurement data represents the relationship between the degradation state of the
lubricant and the condition monitoring sensor outputs.
The samples are drawn from the distribution being approximated. The higher the number
of samples used, the better the approximation. The state estimation or filtering involves
predicting the future state of the dynamic system in terms of the posterior probability density
function (PDF), based on all available information, including the developed physics models and
sequence of measurements up to the current time step k. The system state vector and observation
vector at the current time k can be represented as follows: 𝑧𝑘 𝜖 ℝ𝑛𝑛 and 𝑥𝑘 𝜖 ℝ𝑛𝑛 where nx and nz
R

are the dimensions of the corresponding observation vector and state vector, respectively, ℝ is a

set of real numbers, 𝑘 ∈ ℕ is the time index, and ℕ is the set of natural numbers. The state
transition and observation model can be expressed using discrete-time hidden Markov model as
follows [15]:

X k ( X k −1 = xk −1 ) ≅ p( xk xk −1 )

(5.1)

Z k ( X k = xk ) ≅ p ( z k xk )

(5.2)

134

where X k = {x0 , x1 , ... , xk } is the sequence of the system state up to the current time, 𝑥𝑘 and is

sometimes notated as X 0 : K , while Z k = {z0 , z1 , ... , z k } is the sequence of observations that are
available up to current time, 𝑧𝑘 . The state transition and the state observation models can be
rewritten in the following functional form [15]:

xk = f k −1 ( xk −1 , θ k , vk )

(5.3)

zk = hk ( xk , wk )

(5.4)

where wk and vk denote the measurement noise and process noise, respectively at the time k and

θ k is a vector of model parameters.
The initial state distribution p ( x0 ) ≅ p ( x0 z0 ) is assumed to be known. In this study, the
state transition function is a mathematical representation of the gearbox oil degradation in time
whereas the observation model represents the online condition monitoring sensor outputs for
quantifying the degradation state of oil, as will be covered in Chapter 6, sections 6.2.1 to 6.2.3.
Particle filtering then generates and updates the random particles or samples recursively. Such a
recursive filter consists of two stages: prediction and update. In the prediction stage, a heuristic
system model is applied to predict the state PDF forward for consecutive time intervals. In the
update stage, the projected estimate is adjusted by the actual measurement at that time or the
predicted PDF is modified using the latest measurement since the state is usually subjected to
noise disturbances resulting in deformed or noisy prediction values. The PF-based approach to
prognostics relies on the following three steps [13], which is also as shown pictorially in Figure
5.3:
1. Gearbox oil degradation state estimation by drawing N random samples (particles)

{ x , i = 1, ... , N } from the probability density function of the state noise, 𝑣𝑘 , per Equation
i
k

135

(5.3) and Z k = {z0 , z1 , ... , z k }, which is the sequence of observations that are available up
to current time k, per Equation (5.4).
2. Prediction of the future degradation state using transition model in Equation (5.3) to
generate N set of new samples

{ x , i = 1, ... , N }. In the update stage, each new sampled
i
k

particle xki is assigned a weight wki based on the likelihood of the new measurement, z k
at the current time k.
3. Remaining useful life (RUL) estimation in consideration of the future degradation state
prediction (output of step 2) and the critical threshold, which is the value of degradation
indicator above which the gearbox oil no longer supports its lubricity. The outcome of the
prediction stage is the length of time the system can operate before complete failure.

Figure 5.3: Particle filtering based algorithm for gearbox lubricant prognostics.

The above procedure allows proper treatment of the process and measurement
uncertainties as well as the degradation state update each time a new degradation indicator or
measurement data becomes available at discrete times. The procedure is based on repetitive
prediction and update stages each time a new measurement becomes available. For instance,
suppose the state estimate at the time k-1 of p ( xk −1 Z k −1 ) is known, the prediction or prior PDF
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of the state p ( xk Z k −1 ) can be obtained via the dynamics system model using the ChapmanKolmogorov Equation as follows [15]:
Prediction:

p ( xk Z k −1 ) = ∫ p ( xk xk −1 ) p ( xk −1 Z k −1 ) dxk −1

(5.5)

At time instant k, the measurement zk becomes available and the posterior PDF can be
obtained via the Bayes rule as follows:

Update:

p ( xk Z k ) =

p ( zk xk ) p ( xk Z k −1 )
p( zk Z k −1 )

(5.6)

where the normalizing constant of the denominator can be determined as follows:

p ( zk Z k −1 ) = ∫ p ( xk Z k −1 ) p ( zk xk ) dxk

(5.7)

Relationship (5.7) defines a very general and conceptual solution of the recursive
estimation problem. This implies that the closed form algorithm can only be obtained in special
cases in which the posterior density can be characterized using sufficient statistics of fixed and
finite dimension [15]. An example of a special case is the linear Gaussian model. In a state
estimation of a nonlinear problem, based on the desired accuracy and processing time, a tracking
algorithm such as particle filtering can be utilized, which increases the accuracy while
minimizing assumptions on the dynamic and measurement models. A single iteration of
recursive prediction and update procedure for developing successive posterior densities is shown
in Figure 5.4.
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Figure 5.4: A single iteration of the Bayesian recursive filter’s prediction and update.

In particle filtering process, the marginal posterior density at time k can be approximated
as follows [15]:

p( xk Z k ) ≈ ∑i =1 wki δ ( xk − xki )
N

{

where xki , wki

}

N
i =1 represents

(5.8)

the random computation of the posterior PDF p ( xk Z k ) while

{ x , i = 1, ... , N } is a set of support points with associated weights {w , i = 1, ... , N }. The δ (.) is
i
k

i
k

the Dirac delta functions while the sum of weights,

∑i wki = 1. Samples xki are drawn from the

importance density q ( xk Z k ) , and the associated weights wki are computed as follows:

wki α

p( xki Z k )
q( xki Z k )

(5.9)

In particle filtering framework, the weighted particles represent the possible state of a
system degradation. The weight of each particle represents how close or far a particle value is
from the true system state [16]. A particle having a small weight implies that the particle value is
far away from the true system state, and vice versa. The particle filtering method therefore tracks
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multiple possibilities at the same time whereby each possibility is defined by a particle.
Therefore, the desired posterior and weight update can be factorized recursively as follows:

p ( xk Z k −1 ) α p( zk xk ) p( xk xk −1 ) p( xk −1 Z k −1 )

wki

= wki −1

(5.10)

p( z k xki ) p( xki xki −1 )
(5.11)

q( xki xki −1 , z k )

After deriving the particle weights using Equation (5.11), weight normalization is
required such that (∑iwki ≠ 1) to satisfy the nature of probability density function (∑i wki = 1) as
follows:

wki

Therefore, it can be shown that

wki
=
∑ j wkj

{

lim N → ∞ xki , wki

}

(5.12)

N
i =1=

p ( xk Z k ).

In a nutshell, the particle filtering algorithm can be summarized in a flowchart as shown
in Figure 5.5.
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Figure 5.5: Particle filtering algorithm flowchart.

5.4

Remaining Useful Life Prediction Using Particle Filtering
The remaining useful life (RUL) prediction using particle filtering is a recent

development in recursive filtering algorithm that combines both physics based models and
measurement data to predict the future system state or behavior. A RUL prognostic tool includes
two stages: state estimation and RUL prediction. The prediction stage integrates the transition
function or process model and the previous state estimate in order to generate a priori state PDF
estimate for the next time instant [16]. For instance, He et al. applied particle filtering to develop
an integrated RUL method for predicting the gear life [17]. Ma and He applied particle filtering
by correlating vibration analysis with lubricant debris analysis in order to improve the fault
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features prognosis by analyzing the trends [18]. An online failure prognosis of UH-60 planetary
carrier plate subject to axial crack growth was provided by [19], whereas prediction of lithiumion battery capacity depletion was proposed by Saha et al. [20].
In order to apply particle filtering for estimating the remaining useful life (RUL), an lstep ahead estimator is required. An l-step ahead estimator provides a long term prediction of the
state PDF p ( xk + l Z k ), for l = 1, ..., T − k , where T is the time horizon of interest, such as the
predicted time to failure. In making an l-step ahead prediction, it is necessary to assume that no
information is available for estimating the likelihood of the state following the future l-step path

X k +1:k + l , that is, future measurements z k + l , for l = 1, ..., T − k are not available hence cannot be
used for updating the prediction. In other words, the desired state PDF of a particular future time
p ( xk + l Z k ) can be factorized with the current posterior PDF p ( xk Z k ) up to the desired

p ( xk + l Z k ) and the state transition function p ( xk xk −1 ) as

k +1

∏ j =k +1 p( x j x j −1 ).

By combining

Equations (5.1) and (5.4), an unbiased l-step ahead estimator can be obtained as stated by [16].
k +1

k + l −1

p ( xk +1 Z k ) = ∫ ...∫ ∏ j = k +1 p ( x j x j −1 ) p ( xk Z k ) ∏ j = k dx j

(5.13)

Despite the fact that an unbiased estimator provides the minimum variance estimation,
solving Equation (5.7) can be computationally intensive due to increased processing and
execution time. Thus, a sampling based approximation procedure of the l-step-ahead estimator
was provided by Zio and Peloni [16]. Assuming that the state xt = k represents the gearbox oil
degradation level at the current time k, the degradation level increases over time and RUL is the
oil’s remaining usable time before it loses lubricity or requires an oil drain. If an l-step-ahead
state from time k, that is xt = k + l goes across a pre-defined critical threshold, λ i.e. xt = k + λ ≥ λ ,
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the object’s RUL at the time k can be computed as RULk = (k + l ) − k = l. At each time step
before reaching the critical threshold i.e. t ≤ k + l , the state xt ≤ k + l would be projected up to
the future failure time defined as t = k + l. In this manner, estimating RUL ≤ l is equivalent to
estimating xk +λ ≥ λ , which can be rephrased as follows:

pˆ ( RUL ≤ l Z k ) = pˆ ( X k +1 ≥ l Z k )

(5.14)

When RUL using l-step-ahead prediction is implemented using particle filtering as stated
by He, et al. [17], the corresponding weights can be computed by introducing an estimated
measurement, zˆk + n according to Equation (5.4) using the measurement model as follows:

zˆk + n ~ hk + n ( xˆk + n )

(5.15)

where n is a future time step 0 < n ≤ l . Therefore, the updating process is accomplished by
Equations (5.6) and (5.7). While RUL is computed, no measurement errors for the estimated
measurements zˆk + n are considered. Note that no alteration has been made to the system.
Therefore, zero measurement errors are only applied in order to predict l-step-ahead state

pˆ ( X k +l ≥ l Z k ) since future measurements or observation values are presently inaccessible. In
this study, an integrated prognostic technique is applied for RUL estimation using an l-stepahead particle filtering algorithm.

5.5 Particle Filtering Implementation
In the case of remaining useful life (RUL) prediction of gearbox oil, the state transition
function of interest is the contamination levels of the three primary contaminants, namely:
oxidation, water and particle contamination. Each contaminant is represented by the developed
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physics model, as will be presented in the next chapter. For each state of interest, three
observation functions exist from the three degradation monitoring sensors namely: the particle
contaminants monitor for quantifying particle debris in oil, humidity sensor that monitors water
contamination and tuning fork resonator that monitors oil oxidation as a function of changes in
viscosity. In order to combine the three sensor measurements into a single particle filtering based
RUL prediction, the following multivariable Gaussian distribution is applied [15]:

f y ( y1 , ... , y k ) =

1
k
(2p ) 2

Σ

1
2

1
exp(− ( y − µ )T ∑ −1 ( y − µ ))
2

(5.16)

where ∑ is the covariance matrix of observations, ∑ is the determinant of ∑ whereas y1 , ... , yk
represents the sensors output data. By applying the probability density function, each particle is
assigned a weight according to its observation and updated accordingly.
A conceptual illustration of particle filtering techniques is shown in Figure 5.6 [15]. The
x axis represents the time step. For instance, if the sample rate is every 15 minutes, the time steps
represent the 15th minute, 30th minute, 45th minute, etc. The y axis represents the state of interest,
such as the level of degradation or contamination. The upper dash line represents the point of
critical or failure threshold. For instance, in a gearbox application, the critical threshold for water
contamination is 5000 ppm. The normal distributions around the upper dash line are failure
criterion distribution. The distributions in the lower part are the real-time performance parameter
distributions which consist of a selection of particles. The black dots and dash line in the middle
are the prediction mean value by particle filtering while the side dash lines are the 90%
confidence interval of every parameter distribution.
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Figure 5.6: Conceptual illustrations of particle filtering techniques, adapted from [15].

It can be noted that there are three intersection points of the failure criterion mean value
and the state parameter predictions. By mapping these three points to the time axis, the RUL
distribution can be obtained as shown on the bottom section of Figure 5.6. The state estimation
and RUL prediction are performed at each time step. Given a known initial state, the particle
filtering algorithm propagates particles up to the point of failure threshold. Some of the particles
may hit the failure threshold early and some may hit it late. As time goes by, the prediction result
gets more and more accurate as the algorithm perform less and less prediction as more
observations or measurement data become available. By comparing the predicted system
degradation and the pre-specified threshold, the probability of the system failure can be obtained
based on the transition function and the existing measurements.
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5.6

Summary
In this chapter, Bayesian filtering techniques have been presented for on-line estimation

and prediction of an evolving set of parameters where the uncertainty of a hypothesis is modeled
using recursive filtering algorithms. For instance, the Kalman filtering and its variants have been
discussed as one of the common Bayesian inferential techniques for tracking and estimating the
state of dynamic systems due to its simplicity, formulation and computational efficiency. The
Kalman filtering’s limitations have also been reviewed such as its applicability only to Gaussian
densities with known means and covariances and the optimal condition being only if the dynamic
system model is a linear function of the state and process noise are additive. Particle filtering that
belongs to a class of Sequential Monte Carlo (SMC) methods for modeling non-linear systems
with non-Gaussian noise has also been presented. Particle filtering has been shown to have nonreliance on any local linearization technique or functional approximation. This allows
interpretation of complete posterior distributions using generic state-space models, which can be
both non-linear and non-Gaussian. The mathematical concepts behind particle filtering
algorithms have been presented along with the algorithms implementation.
In the next chapter, the application of particle filtering technique for gearbox oil feature
extraction and remaining useful life (RUL) prediction will be discussed using empirically
developed physics models and measurement data from three condition monitoring sensors. Case
studies simulating various industrial scenario conditions will be used to validate the effectiveness
and robustness of the developed physics models for the RUL predictions using computer
simulation and physical experiments. Qualitative and quantitative results will provide data to
validate the correctness of the recursive particle filtering algorithms.
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CHAPTER VI
SIMULATION CASE STUDIES
6.1

Introduction
The gearbox oil lubricates all the tribological components, provides cooling, detergency

and also prevents corrosion. In order to satisfy these requirements, the rheological properties
such as the oil’s physical and chemical parameters must remain within certain limits. This
chapter presents the application of particle filtering technique for gearbox oil feature extraction
and remaining useful life (RUL) prediction by incorporating the measurement data from a suite
of oil condition monitoring sensors with empirically developed physics models that defines the
degradation in time of the gearbox oil under the influence of oxidative degradation, water and
particle contamination. Case studies simulating various industrial scenario conditions are
explored to validate the accuracy and robustness of the RUL predictions. Qualitative and
quantitative results analysis are carried out to validate the correctness of the recursive particle
filtering algorithms.

6.2

Case Studies
Quantitative analysis of the lubricant’s oxidative degradation and contaminants in an

actual vehicle gearbox requires a significant number of test vehicles over a prolonged period of
time in order to obtain substantive data. The data per vehicle also needs to cover a complete oil
drain interval range, which for a commercial vehicle gearbox such as in trucks or buses can
range up to 250,000 miles. This can span over several years while assessing the contaminants
progression trends. Furthermore, even after prolonged testing and data extraction, there might
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still be unnoticeable changes in the monitored parameters, depending on the vehicle’s operating
conditions. Sufficient in-vehicle testing is therefore not only cost prohibitive but also requires a
considerable test duration, and was therefore unattainable in the course of this study.
Consequently, in order to validate the accuracy of the recursive particle filtering algorithms in
predicting the remaining useful life of gearbox oil, artificially contaminated lubricant samples
were developed to simulate accelerated gearbox oil aging under the influence of the three
primary gearbox lubricant contaminants, namely: oxidation, water and particle contaminants.
Such an accelerated oil aging process provides useful information for long term performance
prediction within a short time duration due to increased stress levels. Therefore, based on the
chosen parameters and the reference selection, the potential remaining oil life can be estimated
for 1 year, 3 years, 5 years or longer.
Any condition monitoring program can only be as good as the sum of its parts. Therefore,
proper analytical methods and a significant effort is required to develop either new oil analysis
methods or to fine tune the performance of existing methods. The following section presents the
simulation case studies conducted in order to demonstrate the accuracy of the developed particle
filtering (PF) algorithms for predicting the RUL of gearbox oil. Each case study simulates
practical industrial scenario of gearbox oil under accelerated degradation during exposure to
extreme environmental conditions to determine the PF’s ability to trend and predict RUL under
the influence of incremental water contamination, oxidation and particle contamination.

6.2.1 Case Study 1: Water Contamination Simulation
Sources of water contamination inside a gearbox include leakage from oil coolers and
vents, condensation of atmospheric humidity, during oil top-ups and water ingress through the
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seals among others. Water contamination in a gearbox oil can reduce the oil film thickness
leading to an accelerated corrosion. Water can also lead to the displacement of oil film at the
gear mesh, which reduces oil’s lubricity by allowing metal to metal contact from the sliding
gears, leading to an increase in frictional coefficient and wear [1].
The water contamination case study was simulated by artificially contaminating unused
75W-90 gearbox oil with water from 0 to 10,000 ppm (1.0%) by volume monotonically. This
threshold is significantly higher than the typical water contamination thresholds in a gearbox oil,
barring a catastrophic failure such as seal leakages. Usually, the water thresholds are between
900-1,400 ppm after approximately 35,000 miles in passenger cars and between 2,800-3,500
ppm after about 100,000 miles in commercial vehicles gearbox such as in trucks and buses. The
above depends on the typical drive cycle which includes both city and highway driving [2]. The
intent of the higher water contamination threshold was to accelerate oil aging process in a more
severe test environment than that typically experienced during normal vehicle operation and for
obtaining more information for a given test time. Water contamination sweeps rather than
random variations were applied in order to develop a progression trend while minimizing the
amount of oil used during the tests. The experimental procedure was conducted as follows:
1. A 1000 mL of unused 75W-90 gearbox oil was added into a fabricated test fixture, as
previously shown in Figure 4.2 in a thermochamber stabilized at 0 OC. The oil sample
was left unperturbed for 1 hour for the contaminated oil sample to reach a steady state
temperature. This represents water ingress into the gearbox of a stationary vehicle.
2. Water droplets in increments as defined in Table 6.1 were then added into the test fixture
using a graduated cylinder. Mixture was stirred to achieve homogeneity and to remove
entrained air before closing the lid of the vented fixture.
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3. After every incremental water contamination, the oil test sample was subjected to rapid
alternating temperatures from 0 OC to 100 OC in a thermochamber while quantifying the
water content in the test oil sample using the humidity sensor. The oil temperature was
also measured using a thermistor integrated within the cactus oil condition sensor. Both
signals were captured at a sample rate of every 1 hour.
4. Steps 1-3 were repeated until the added water content had reached 10,000 ppm (1.0%)
by volume.

The measured water content versus the added water content during water contamination
case study is shown in Table 6.1. It should be noted that unused 75W-90 gearbox oil contains
water content in the range of 400 ppm to 500 ppm at room temperature even before the addition
of water contamination, as shown in Table 6.1.

Table 6.1: Added water versus measured water during water contamination case study.
Time
(Hours)
0
100
200
300
400
500
600
700
800
900
1000

Oil Vol.
(mL)
1000
1000
1000
1000
1000
1000
1000
1000
1000
1000
1000

Added Water
(mL)
(%)
0.000
0.0%
0.020
0.02%
0.040
0.04%
0.070
0.07%
0.100
0.10%
0.150
0.15%
0.250
0.25%
0.350
0.35%
0.500
0.50%
0.750 0.750%
1.000
1.00%

Measured Water
(%)
(PPM)
0.041%
412
0.061%
614
0.073%
733
0.094%
944
0.126%
1263
0.169%
1690
0.253%
2534
0.371%
3711
0.512%
5122
0.711%
7114
0.983%
9831

The cyclic temperature fluctuations between 0 OC to 100 OC applied in this study is
shown in Figure 6.1. This temperature fluctuation is slightly higher than the typical oil
temperature in a gearbox sump during normal vehicle operation, which on average typically
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ranges between 5 OC to 85 OC, depending on the prevailing climatic conditions and the drive
cycle profile such as the ambient temperature, distance between starts and stops, city versus
highway driving, terrain topography, etc. [3]. The wide cyclical temperature applied in this study
was intended to simulate oil aging in a more severe test environment than that typically
experienced during normal vehicle operation and for obtaining more information for a given test
time. As noted earlier, water can coexist with lubricant oil in three states: dissolved, emulsified
and free forms. Dissolved water is hydrogen bonded to the hydrocarbon molecules, which is a
primary constituent of oil. Emulsified water is supersaturated water in oil, which has not yet
totally separated from the oil. Free water is supersaturated at a very high concentration such that
it forms water droplets leading to water separation from oil.
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Figure 6.1: Temperature profile during water contamination simulation case study.
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Water contamination in gearbox oil is often quantified in parts-per-million (ppm), which
is a volumetric fraction based unit. The critical or condemning limit for the water contamination
in gearbox oil is defined as 5,000 ppm (0.5%) per the industry standard [2]. This is the
degradation indicator above which the lubricant can no longer support its lubricity. Trending for
the water contamination thresholds in a gearbox are listed in Table 6.2. During the experiments,
the water contamination level reached 0.5% after approximately 790 hours, as shown in Figure
6.2. As can be noted from this plot, the tested oil sample had accumulated up to 1% water
content by volume at the end of the simulation case study, within a duration of 1000 hours.

Table 6.2: Trending for the water contamination thresholds in gearbox oil.
Measured
Parameter
Water content

Acceptable
Levels
0 – 0.1 %

Warning
Limit
0.25 %

Critical
Limit
0.5%

Figure 6.2: Water contamination propagation as a function of time. The critical limit of
0.5% (5000 ppm) was attained after approximately 790 hours.
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A generic physics model that describes water contamination in a gearbox oil hasn’t been
developed based on a comprehensive literature review. This can be attributed to the stochastic
nature and the many variables that affect the water coexistence and solubility in gearbox oil such
as the operating temperature, pressure and density. By experimentation, based on the water
contamination propagation as shown in Figure 6.2, an empirical physics model was developed
that defines the water contamination as a percent by volume as a function of time using an
exponential function as follows:
xk (Water Content ) = a * e bt

(6.1)

where a and b are the model parameters. These two model parameters were determined
experimentally based on the water contamination propagation plot shown in Figure 6.2, as
follows: a = 0.019 and b =0.0042.

6.2.2 Particle Filtering Implementation for Water Contamination
As previously discussed in Chapter 5, particle filtering update is processed sequentially
using particles or samples having unknown probability density function (PDF) recursively by
incorporating prior knowledge of the system behavior and the measurement data as the evidence
to correct for any disparity between the predicted versus the actual system behavior. When a new
measurement becomes available, the posterior at the previous step is applied as the prior
information at the successive step, and the parameters are updated by multiplying this prior with
the likelihood. The general particle filtering process is based on the state transition function,
which represents the degradation in time of the gearbox oil [3]. To implement particle filtering
for predicting the RUL of gearbox oil based on incremental water contamination simulation case
study, the state transition function was defined as follows:
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xk = a * exp(bk ∆t ) xk −1 + vk

(6.2)

where a and b are the dynamic model parameters, Δt is the time index, 𝑥𝑘−1 is the water

contamination thresholds at the previous timestamp and vk is the process noise.

The random process noise represents typical fluctuations in the water contamination
thresholds in gearbox oil due to water evaporation and condensation due to the cyclical
temperature fluctuations. This was aimed at normalizing the simulated water contamination data
with the data based on oil analysis in the gearbox environment. In this study, the process noise
covariance based on the dynamic model uncertainties was determined as v k ~ (0, 0.0007 2 ). This
was developed iteratively in Matlab® by running the dynamic model shown in Equation (6.2) and
quantifying the maximum noise thresholds. This tuning parameter was applied to adjust the gain
of the particle filtering to correct the state error covariance, and was therefore added to the
degradation model. The goal was to find an optimal estimate for the model parameters, a and b
using particle filtering based on the state transition function and measurement data from the
humidity sensor.
Once the estimated parameters are obtained, the remaining useful life (RUL) can then be
estimated or predicted by progressing the damage state until the critical threshold is reached [4].
For the measurement function, z k , it was assumed that only the initial 10 measurement data
were available from the humidity sensor, each sampled after every 10 hours. Measurement noise,

wk , was determined as wk ~ (0, 0.0005 2 ). This represents the standard deviation of the measured
water content from the true values. This was determined by comparing the humidity sensor
readings from the corresponding water content based on an offsite industrial method called Karl
Fisher technique, as was described in Chapter 4, section 4.3.5.
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Particle filtering implementation was conducted using Matlab®. The number of particles
was chosen as 5,000 and the prediction started at time point 0 hour during the simulation with l
being 5,000 time steps, which provided a suitable basis to test the algorithm. The reason for
selecting particle population size of 5,000 was the need to balance the prediction accuracy and
processing time based on processor bandwidth and memory capacity constraints in a vehicle
environment since too little particle count may not attain best estimation accuracy while too large
particle count can be too time consuming [5].
One of the assumptions made during particle filtering simulations was that limited sensor
measurements were available i.e. only 10 initial measurements were available from the humidity
sensor, each sampled after every 10 hours. This represents the initial 100 hours of actual water
contamination experiments conducted earlier, as was shown Figure 6.2. From the actual
experiments, the critical water contamination limit of 0.5% was attained after 790 hours. In
comparison, the remaining useful life (RUL) prediction using particle filtering technique
resolved that the critical water contamination limit of 0.5% would be attained after 785 hours, as
shown in Figure 6.4.
The x axis in Figure 6.4 represents the true simulation time step while the y axis
represents the water content as percent until failure, which is the degradation indicator above
which the gearbox oil can no longer support its lubricity. The blue line is the prediction mean,
blue dots are the available measurements, which includes initial 10 sampled data from the
humidity sensor each sampled every 10 hours. The blue circles are the true remaining useful life
(RUL) from the actual experiment, as was shown in Figure 6.2. The two red lines represents the
90% prediction intervals (PI) of the water contamination state and the time distribution when the
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water contamination is expected to reach the 0.5% critical limit. Therefore, the accuracy of the
recursive particle filtering in predicting the time to failure is +/- 5 hours.

Figure 6.3: Water contamination simulation results in estimating the remaining useful
life using recursive particle filtering.

Monte Carlo simulations were also conducted using Matlab® to predict RUL, as shown in
Figure 6.4. This plot confirms the accuracy of the recursive particle filtering algorithm. The
distribution and the corresponding RUL percentiles are displayed as at the current time, which is
after the initial 90 hours that represents the initial 10 measurement data available from the
humidity sensor i.e. the updating process is progressed up to k = 9. This Monte Carlo plot also
shows that the median (50 percentile) is 700 hours which implies that based on the water content
thresholds as at the current time, the projected remaining useful life (RUL) of oil has
approximately 700 hours, before attaining the critical water contamination limit of 0.5 %.
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Figure 6.4: Monte Carlo simulation of water contamination remaining useful life
distribution.

6.2.3 Case Study 2: Oxidation Simulation
To simulate oil oxidation in a gearbox, unused 75W-90 oil was subjected to a steady state
temperature of 150 OC in a thermochamber for 1,000 hours. This represents typical oxidation
levels in gearbox oil after more than 250,000 miles for commercial vehicles such as trucks and
buses [6]. The prolonged high temperature exposure was applied to accelerate oil aging in a more
severe test environment than the typical high temperature excursions experienced during normal
gearbox operation. During the accelerated oxidation simulation case study, the oil sample was
directly exposed to ambient air inside a thermochamber at atmospheric pressure in order to
simulate free breathing gearbox and to allow rapid oxidation process. The experimental
procedure was conducted as follows:
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1. Two gallons of unused 75W-90 gearbox oil in an aluminum can were subjected to an
accelerated oxidation in a thermochamber stabilized at 150 OC.
2. After every 100 hours, a 1000 mL of oil was drawn and added into the test fixture
previously shown in Figure 4.2. Mixture was stirred to achieve homogeneity and to
remove entrained air before closing the vented fixture lid.
3. The fixture was then placed in a thermochamber stabilized at 40

O

C and was left

unperturbed for 1 hour for the oil to reach a steady state temperature, after which the
kinematic viscosity was measured using the tuning fork resonator within the cactus oil
condition sensor (COCS) at a sample rate of every 1 hour.
4. Steps 2-3 were repeated until the oil had been subjected to an accelerated oxidation for
1000 hours.

At the end of the simulated oxidation case study, the measured change in oil’s kinematic
viscosity had reached over 37.4% as compared to unused oil, as shown in Table 6.3. The critical
limit was defined as an increase in kinematic viscosity by more than 20% from unused oil per the
industry standards [3]. After approximately 800 hours, the change in kinematic viscosity reached
the critical limit of 20%, as shown Figure 6.5. Trending for the change in kinematic viscosity due
to oxidation are listed in Table 6.3.
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Table 6.3: Trending for the change in viscosity due to oxidation.
Oxidation Viscosity (cSt)
(Hours)
@ 40 °C
0
132.185
100
133.405
200
134.336
300
135.409
400
136.634
500
138.288
600
141.983
700
144.895
800
151.405
900
161.426
1000
169.625

% Change in
Viscosity @ 40 °C
0.0%
0.9%
2.1%
3.2%
4.4%
6.1%
9.8%
12.7%
19.2%
28.2%
37.4%

Figure 6.5: Oxidation propagation as a function of changes in viscosity over time. The
critical limit defined by an increase in kinematic viscosity by more than 20% from
unused oil was attained after approximately 800 hours.

A number of variables affect the oxidation rate of oil inside the gearbox. These include
factors such as the duration of exposure to high temperatures, presence of oxidation catalysts
such as copper and iron and the presence of oxygen. Due to the lack of a generic physics model
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that defines oil oxidation, an empirical physics model was developed that defines oxidation as a
function of changes in viscosity over time. This relationship can be expressed using an
exponential function as follows:
xk (oxidation) = g * e ht

(6.3)

where g and h are the model parameters. The two model parameters were determined
experimentally based on the oxidation propagation as a function of changes in viscosity over
time as follows: g = 0.0061 and h =0.0044.

6.2.4 Particle Filtering Implementation for Oxidation
Generally, particle filtering process is based on the state transition function f and the
measurement function [3]. Both of these functions were applied to represent the degradation in
time of the gearbox oil. Oxidation rate was measured as a function of changes in viscosity, as
previously described in Chapter 4, sections 4.3.3 and 4.3.4. The following state transition
function was developed empirically to implement particle filtering for the RUL prediction of the
gearbox oil based on incremental oxidation simulation case study:

xk = g * exp(hk ∆t ) xk −1 + vk

(6.4)

where g and h are the model parameters, Δt is the time index, 𝑥𝑘−1 is the oxidation level at the

previous timestamp and vk is process noise.

In this study, the process noise was defined as v k ~ (0, 0.00112 ). This process noise value
was determined empirically using Matlab® based on the maximum error from the oxidation
dynamic model shown in Equation (6.4). This scaling factor was added to the degradation model
to adjust the gain of particle filtering to correct the state error covariance. Therefore, the process
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noise represents the oxidation level variations due to fluctuations in ambient oil temperature,
which can either accelerate or decelerate the oxidation process. This was aimed at normalizing
the oxidation data with the data from oil analysis inside the gearbox. The goal was to find an
optimal estimate for the model parameters g and h using particle filtering based on the state
transition function and measurement data from the tuning fork resonator. Once the estimated
parameters were obtained, the remaining useful life (RUL) was then predicted by progressing the
damage state until the critical threshold is reached [4].
For the measurement function, z k , an assumption was made that only the initial 10
measurement data were available from the tuning fork resonator, each sampled after every 10
hours. Measurement noise, wk , was assumed Gaussian wk ~ (0, 0.0009 2 ), which represents the
standard deviation of measured viscosity values from true values. This was determined by
comparing the tuning fork’s viscosity readings from the corresponding viscosity readings based
on an offsite industrial technique called viscometer, as was described in Chapter 4, section 4.3.3.
Therefore, measurement noise represents imperfections in the sensor readings.
Particle filtering implementation was conducted using Matlab®. Initially, the particle
population size chosen was 1000. However, this resulted in poor accuracy for the predicted RUL
as compared to the actual experiment due to the limited sample count. Subsequently, the number
of particle count was increased to 2500 and finally to 5000. With every increment in particle
count, an improvement in the RUL prediction accuracy was attained. However, there was also a
need to balance the prediction accuracy and processing time based on processor bandwidth and
memory capacity constraints, especially in real vehicle environment [5].
The RUL prediction using particle filtering technique resolved that based on the
empirically developed physics model and the available initial 10 measurements data from the
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tuning fork resonator, the critical limit for the change in kinematic viscosity by more than 20%
from unused oil would be attained after 790 hours, as shown in Figure 6.6. Once again, the x axis
represents the true simulation time step while the y axis represents the change in viscosity as a
percent until failure, which is the degradation indicator above which the gearbox oil can no
longer support its lubricity. The blue line is the prediction mean while the blue dots are the
available measurements which includes initial 10 sampled data from the tuning fork resonator.
The blue circles are the true remaining useful life (RUL) from the actual experiment, as was
shown earlier in Figure 6.5. The two red lines represents the 90% prediction intervals of the
oxidation state and the time distribution when the change in viscosity is expected to reach the
20% critical limit.
By experimentation, the actual oxidation case study had resolved that the critical limit
defined as an increase in kinematic viscosity by more than 20% from unused oil would be
attained after 800 hours, as shown in Figure 6.6. In contrast, the recursive particle filtering
algorithm resolved that the critical limit would be reached after 790 hours. This shows that the
accuracy of particle filtering in predicting the time to failure is within +/-10 hours. The accuracy
of this prediction model is quite an encouraging outcome since oxidation quantification has often
been considered difficult and cumbersome in real-time due to the need for sophisticated
measurement equipment [7]. This has seen the omission of lubrication oxidation in industrial
machines in real-time, instead oil samples have often been drawn and sent to an off-site
laboratory to quantify changes in viscosity using a viscometer per the ASTM D 445 standard.
One limitation of such an off-line laboratory techniques is that it is susceptible to various
influences during the oil sampling, transportation and testing. Furthermore, the actual oil
condition cannot be determined since the oil sample is often collected when the vehicle is
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stationary and the gearbox is in static condition. It can also be quite expensive with long lagtimes between the oil sampling, testing and results availability which can render them ineffective
in timely failure prevention.

Figure 6.6: Oxidation as a function of changes in viscosity simulation results using
particle filtering to predict the remaining useful life.

The Monte Carlo plot also confirms the accuracy of the recursive particle filtering
algorithm, as shown in Figure 6.7. This plot displays the distribution and the corresponding
remaining useful life (RUL) percentiles as at the current time after the initial 90 hours, which
represents the initial 10 measurement data available from the tuning fork resonator i.e. the
updating process is progressed up to k = 9. This plot also shows that the median (50 percentile) is
about 700 hours, which implies that based on the measured change in viscosity due to oxidation
as at the current time, the projected remaining useful life (RUL) has an approximately 700 hours
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before attaining the critical oxidation limit represented by a change in viscosity by more than
20%.

Figure 6.7: Monte Carlo simulation of the oxidation remaining useful life distribution.

6.2.5 Case Study 3: Particle Contamination Simulation
The primary source of particle contaminants in a gearbox are metal shavings or debris
from rotating parts such as gears and shafts due to friction. Friction inhibits movement between
rotating parts which reduces mechanical efficiency. High frictional coefficient between the
sliding metal-to-metal contact surfaces leads to wear. This is accelerated by vibration, torque and
high temperature exposure. The particle size and density is often time dependent. For instance,
during normal machine operation, smaller wear particles ranging between 1 to 50 micrometers
are generated due to transient effects such as rolling and sliding velocities, gear teeth contact
radius and inhomogeneous surface finish. When abnormal wear begins, typically from gears and
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shafts deflections and misalignments, larger particles are generated between 50 to 200
micrometers [8].
In gearbox application, the metallic particle debris are predominantly ferrous in nature
due to high iron content which have an impact on the magnetic and electrical properties of oil.
For instance, particle debris can induce an increase in oil conductivity due to an increase in ion
concentration as compared to unused oil which is non-polar with near zero conductivity [9]. The
conductive ferrous debris increases the permittivity of oil, which leads to oil degradation by
weakening the oil insulation characteristics and also induces oxidation. Particle contaminants
monitor system is therefore intended to provide quantitative analysis such as wear particle sizes
and distributions. This helps to identify an onset of abnormal wear. This can also provide
qualitative particle identification through microscopic analysis such as atomic emission
microscopy (AES) or scanning electron microscopy (SEM) to determine the source, cause and
possible origin of particle debris in oil. For instance, particle debris composition can reveal the
source whereas the particle shape can reveal how it was generated such as through sliding,
abrasion or rolling based on the distinct morphology [9].
The ferrous particle debris content in oil was quantified using the designed particle
contaminants monitor system by measuring the ferrous debris build-up on the magnet surface.
The designed monitor system provides an output voltage that is proportional to the ferrous
particle debris build-up on the magnet surface as a function of orthogonal magnetic field
component (B z ) relative to the sensor surface. This defines the magnetic field offsets due to the
ferrous debris build-up, which denotes an effective change in air-gap. The debris measurement
was conducted by adding incremental quantities of ferrous debris ranging between 1 to 200
micrometers in size onto the magnet surface and monitoring the orthogonal (planar) flux
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component read by the Hall effect sensor. This corresponds to an industry standard per the ISO
4406. The ISO 4406 cleanliness code applies particle counter (gravimetric) method, which
relates the number of particles per milliliter of fluid to a logarithmic scale with a code number
for particle debris density in each range [10]. To simulate particle contamination in gearbox, the
experimental procedure was conducted as follows:
1. A 1000 mL of unused 75W-90 gearbox oil were added into the fabricated test fixture, as
previously shown in Figure 4.8.
2. After every 100 hours, ferrous debris ranging between 1 to 200 micrometers in size were
added into the fixture in increments of 100 ppm. Mixture was stirred to achieve
homogeneity and to remove entrained air before closing the vented fixture lid.
3. After every particle contaminants addition, particle concentration in oil was quantified
using the particle contaminant sensor. The measurement signals were defined as the
particle debris and oil temperature at a sample rate of 1 hour.
4. Steps 2-3 were repeated until the particle contaminants threshold had reached 1000 ppm.

At the end of the simulated particle contamination case study, the change in particle
contaminant thresholds in the test oil sample had reached over 1000 ppm as compared to unused
oil, as shown in Table 6.4. This exceeds the critical limit which was defined as particle
contaminants threshold greater than 500 ppm, per the industry standards [3]. Trending for the
change in particle contamination during the simulation case study is shown in Table 6.4. After
approximately 700 hours, the particle contamination content in the test oil sample reached the
critical 500 ppm, as shown in Figure 6.8.
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Table 6.4: Trending for the change in Hall effect sensor output due to particle
contamination.
Time
(Hours)
0
100
200
300
400
500
600
700
800
900
1000

Sensor Output
(Volts)
0.08
0.11
0.13
0.17
0.24
0.31
0.43
0.59
0.77
0.98
1.28

Measured Particle
Contamination (ppm)
43
69
98
121
196
253
331
497
629
844
1053

Figure 6.8: Particle contamination propagation template. The critical limit defined as
particle contaminants content greater than 500 ppm was attained after 700 hours.

It is quite challenging to describe particle contamination in gearbox oil using a generic
physics model. Therefore, there is no surprise that none exists to date based on a comprehensive
literature review. This can be attributed to the stochastic nature and the many variables that affect
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the wear rate in gearbox such as lubricant film thickness, operating temperature and the
application duty cycle or usage. By experimentation, an empirical physics model was developed
that defines the particle contamination as a function of time using an exponential function as
follows:
xk ( Particle Conta min ant ) = m * e nt

(6.5)

where m and n are the model parameters. The two model parameters were determined based on
the particle contamination propagation as a function of time, as shown in Figure 6.9, as follows:
m = 0.0755 and h =0.0028.

6.2.6 Particle Filtering Implementation for Particle Contamination
Once again particle filtering update is processed sequentially using particles or samples
having unknown probability density function (PDF) recursively by incorporating prior
knowledge of the system behavior and the measurement data as the evidence to correct for any
disparity between the predicted and actual system behavior. When a new measurement becomes
available, the posterior at the previous step is applied as the prior information at the successive
step, and the parameters are updated by multiplying this prior with the likelihood. The general
process of particle filtering is based on the state transition function f and the measurement
function [3], which represents the degradation in time of the gearbox oil. To implement particle
filtering for the RUL prediction of the gearbox oil based on incremental particle contamination
simulation case study, the state transition function was defined as follows:

xk = m * exp(nk ∆t ) xk −1 + vk

(6.6)

where m and n are the model parameters, Δt is the time index, 𝑥𝑘−1 is the particle contaminant
level at the previous timestamp and vk is process noise.
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The random process noise represents the particle contaminants threshold fluctuations due
to larger particles settling at the bottom of the gearbox sump while others are trapped by the oil
filters within the gearbox. This was aimed at normalizing the particle contaminant data with the
data from oil analysis inside the gearbox. In this study, the process noise was determined as

v k ~ (0, 0.0007 2 ) based on several permutations of the dynamic model shown in Equation (6.6).
This process noise was added to the degradation model. The goal was to find an optimal estimate
for the model parameters m and n using particle filtering based on the state transition function
and measurement data from the particle contaminants monitor. Once the estimated parameters
were obtained, the remaining useful life (RUL) was then predicted by progressing the damage
state until the critical threshold was attained [4].
For the measurement function, z k , it was assumed that only the initial 10 measurement
data were available from the particle contaminants monitor, each sampled every 10 hours.
Measurement noise, wk , was determined to be wk ~ (0, 0.0008 2 ). This represents the standard
deviation of measured particle contaminants thresholds from the actual values in contrast to the
offsite laboratory technique called inductively coupled plasma (ICP), as previously described in
Chapter 4, section 4.3.6.
Particle filtering implementation was conducted using Matlab®. The sample particle
count was chosen as 5,000. The particle population size of 5,000 was selected based on the need
to balance the prediction accuracy and processing time in recognition of processor bandwidth
and memory capacity constraints in a vehicle environment. For instance, too little particle count
may not attain the best estimation accuracy while too large particle count can be too time
consuming [5]. The RUL prediction using particle filtering technique resolved that based on the
physics model and the available initial 10 measurements data from the particle contaminants
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monitor, the critical limit of 500 ppm for particle contamination would be attained after
685 hours as shown in Figure 6.9. The x axis represents the time steps while the y axis represents
the particle contaminants threshold as a percentage until failure, which is the degradation
indicator above which the gearbox oil can no longer support its lubricity. The blue line is the
prediction mean while the blue dots are the available measurements, which includes initial 10
sampled data from the from the particle contaminants monitor while the blue circles are the true
remaining useful life (RUL) from experiments, as was shown in Figure 6.8.
The two red lines represents the 90% prediction intervals of the particle contamination
state and the time distribution when the particle contaminants threshold is expected to reach the
500 ppm critical limit. It should be noted that the actual experiment had resolved that the critical
limit would be attained after approximately 700 hours, as was shown in Figure 6.8. In
comparison, the recursive particle filtering algorithm resolved that the same threshold would be
attained after 685 hours. The accuracy of particle filtering predicting the time to failure in this
scenario is therefore within +/- 15 hours.
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Figure 6.9: Particle contamination simulation results using particle filtering for predicting
remaining useful life of gearbox oil.
The Monte Carlo plot also confirms the accuracy of the recursive particle filtering
algorithm, as shown in Figure 6.10. The plot displays the distribution and the corresponding
remaining useful life (RUL) percentiles as at the current time after the initial 90 hours, which
represents the initial 10 measurement data available from the particle contaminant monitor
sensor i.e. the updating process is progressed up to k = 9. This plot also shows that the median
(50 percentile) is about 600 hours, which implies that based on the measured change in particle
contaminants thresholds, the projected remaining useful life (RUL) has an approximately 600
hours before attaining the critical particle contamination limit of 500 ppm.
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Figure 6.10: Particle contamination distribution using particle filtering for predicting
remaining useful life of gearbox oil.

6.3

Summary
In this Chapter, Bayesian probabilistic estimation technique called particle filtering has

been applied for on-line estimation and prediction of gearbox oil remaining useful life using
recursive filtering algorithms. Physics-based models have been developed empirically to
augment experimental data in order to quantify the relationship between the identified lubricant
contaminants and the gearbox oil performance metrics. Particle filtering’s recursive algorithms
have been applied by incorporating the developed physics models for predicting the future
system behavior and the measurement data as the evidence to correct for any disparity between
the predicted and the actual system state. Several case studies have been conducted to simulate
various industrial scenarios to validate the accuracy of the chosen oil condition monitoring
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methodology and the robustness of the developed novel physics models in predicting the
remaining useful life using both computer simulation and physical experiments.
State transition functions representing the degradation in time of the gearbox oil have
been modeled using particle filtering to predict the remaining useful life of oil. The state
transition functions have been developed based on artificially contaminated oil to simulate
oxidative degradation, water and particle contaminants. Qualitative and quantitative results have
provided data to validate the correctness of the recursive filtering algorithms. Excellent
correlation have been proven between the experimental work and the recursive particle filtering
algorithms in predicting the remaining useful life of oil. Therefore, an on-line lubricant condition
monitoring technique with an integrated predictive prognostic scheme has been developed and
validated. This describes the evolution in time of the identified fault indicators for purposes of
estimating the remaining useful life of oil in real-time in a harsh gearbox environment.
Chapter 7 concludes with a summary of the key findings from this research work. The
contributions to the body of knowledge in the area of gearbox oil condition monitoring will be
summarized by the discussions on the research objectives fulfillment. A summary of
recommendations will be proposed on the basis of the findings and novel viewpoints presented in
this work and potential future studies.

174

6.4 References
1. Cantley, R. E. (2008). The Effect of Water in Lubricating Oil on Bearing Fatigue Life. ASLE
Transactions, American Society of Lubrication Engineers, 20(3), pp. 244-248.
2. Zio, E., & Peloni, G. (2011). Particle filtering prognostic estimation of the remaining useful
life of nonlinear components. Reliability Engineering and System Safety. 96(3): 403–9.
3. He, D., Bechhoefer, E., Dempsey, P., & Ma, J., (2012). An Integrated Approach for Gear
Health Prognostics. Proceedings of the 2012 AHS Forum, Fort Worth, TX, April 30 – May 3,
2012.
4. An, D., Choi, J. H., & Kim, N. (2013). Prognostics 101: A Tutorial for Particle Filter-Based
Prognostics Algorithms Using Matlab. Reliability Engineering and System Safety, vol. 115,
pp. 161-169.
5. Zhu, J. (2013). Online Industrial Lubrication Oil Health Condition Monitoring, Diagnosis
and Prognostics (Doctoral dissertation, University of Illinois at Chicago).
6. Mortier, R. M. (2010). Chemistry and Technology of Lubricants. 3rd edition, Springer
Science Business Media, 2010.
7. Li, S., & Kahraman, A. (2013). A physics-based model to predict micro-pitting lives of
lubricated point contacts. International Journal of Fatigue, 47, pp. 205-215.
8. Manyala, J. O., & Atashbar, M. Z. (2013). On-Line Lubricants Health Condition Monitoring
in Gearbox Application. SAE Int. J. Fuels Lubr. 6(3). doi:10.4271/2013-01-9074.
9. Cho, U., & Tichy J. A. (2000). Quantitative correlation of wear debris morphology: grouping
and Classification. Tribology International, vol. 33, pp. 461-467.

175

CHAPTER VII
SUMMARY AND FUTURE WORK
7.1

Summary
The gearbox lubricant oil’s useful life depends on the base oil formulation, the quantity

and type of oil additives, and the gearbox operating conditions. While operating inside the
gearbox, the lubricant undergoes substantial chemical and physical changes due to oxidative
degradation and presence of contaminants such as water and particle debris [1]. This dissertation
was motivated to address a crucial research question on how to develop a prognostic tool capable
of long-term predictions, describing the evolution in time of the fault indicators for purposes of
estimating the remaining useful life (RUL) of the gearbox oil long before failure manifestation.
The existing conventional lubricant maintenance techniques have a number of
limitations. For instance, reactive maintenance such as frequent oil level checks through the dipstick are quite subjective and often unreliable. Preventive maintenance such as fixed routine oil
change based on the vehicle mileage are not only costly but also imply that oil gets changed
simply because that’s what the manufacturer recommends, regardless of degradation state and
contaminants threshold. Proactive maintenance techniques such as the off-line oil sampling for
laboratory testing are not only costly but also susceptible to various influences during the oil
sampling, transportation and testing [2].
The above limitations have necessitated research works on predictive maintenance
techniques involving on-line lubricant condition monitoring for tracking tribological parameters
in real-time. However, one of the challenges of on-line gearbox lubricant condition monitoring is
the extraction of useful information from signals containing contributions from many dynamic
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parameters simultaneously and embedded noise while remaining innocuous to the lubrication
system. In order to use the data collected more effectively, the significance of every parameter or
feature has to be considered for prognostic accuracy. My original contribution to the body of
knowledge is the development of a predictive maintenance technique using an on-line condition
monitoring methodology with an integrated predictive prognostic scheme. This methodology
tracks the evolution in time of the identified fault indicators for predicting the remaining useful
life of oil in gearbox application. Therefore, it facilitates on-demand gearbox maintenance rather
than the conventional rigid routine inspections, which improves the ecological and economic
efficiency by minimizing downtime and maximizing productivity.
In this research work, extensive theoretical analysis and experimental work have been
conducted to evaluate the gearbox oil degradation under various operating regimes. The results
have been compared against the established off-line oil sampling for laboratory testing such as
spectroscopic analysis. Limitations of the off-line spectroscopic analysis have been identified
such as the maximum detectable particle size of 10 micrometers that can be vaporized, which
limits its effectiveness [2]. The lubricant degradation processes have been analyzed with
emphasis on the three main gearbox lubricant contaminants, sources and propagation
mechanisms as well as their effects on oil performance. A detailed review of the importance of
gearbox oil condition monitoring has been presented including a discussion on the conventional
lubricant maintenance techniques and their limitations. A summary of the existing on-line
lubricant condition monitoring techniques have also been discussed including their limitations.
A comprehensive discussion of the chosen online condition monitoring methodology has
been presented. In particular, particle contaminants monitoring system has been investigated and
a prototype system has been constructed using a Hall effect transducer and successfully
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characterized. The developed prototype system has been characterized in a simulated gearbox
environment with progressive ferrous particles contamination in the approximate range from 1 to
200 micrometers in diameter. The experimental results have been proven to validate the
theoretical predictions via finite element analysis. A theoretical description of the quartz tuning
fork resonator and its application in lubricant condition monitoring has been presented for oil
viscosity and density monitoring to quantify the oxidative degradation, including a discussion on
the sensing principle and the signal conditioning. Water contamination monitor using a humidity
sensor has also been presented. This sensor has been proven to be capable of detecting water
contamination as low as 100 ppm unlike most commercially available humidity sensors that can
only discern water concentrations above 500 ppm.
The experimental work has been discussed including a detailed description of the test setup and the measurement results for both sensors. The results have been compared against
established off-site laboratory techniques such as spectroscopic analysis in order to validate the
accuracy of the chosen oil condition monitoring methodology. Measured results have shown
close correlation with off-line laboratory techniques. This has also provided complementary data
to validate the suitability of the on-line condition monitoring sensors in tracking the lubricant
degradation, and contaminants trend and to evaluate the sensors capability to precisely and
reliably track the three primary contaminants in a harsh gearbox environment. The effects of
concurrent multiple contaminants have also been investigated to characterize the susceptibility of
the monitored parameters in the presence of more than one contaminant.
Bayesian probabilistic estimation technique called particle filtering has been applied for
on-line estimation and prediction of an evolving set of parameters whereby the uncertainty of a
hypothesis is modeled using recursive filtering algorithms. This facilitates early detection of a
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lubricant degradation and also provides a prognostic methodology for long-term predictions,
describing the evolution in time of the identified fault indicators for purposes of estimating the
remaining useful life (RUL) of oil. Physics-based models have been developed empirically to
augment experimental data in order to quantify the relationship between the identified lubricant
contaminants and the gearbox performance metrics. Mathematical concepts behind particle
filtering algorithms have been presented along with the algorithms implementation.
Qualitative and quantitative results have provided data to validate the correctness of the
recursive particle filtering algorithms. Several case studies representative of various industrial
scenarios have been conducted to simulate progression of oxidative degradation, water and
particle contaminants. The case studies have also been used to validate the accuracy and
robustness of the developed novel physics models in predicting the remaining useful life of oil.
Artificially contaminated lubricant oil samples have been applied to simulate the lubricant
degradation and contaminants progression in an accelerated gearbox oil aging process. This not
only saves on the required test time and cost, but also on the number of test vehicles required to
conduct an actual in-vehicle tests. The contributions to body of knowledge from this research
work can be summarized as follows:
1. A detailed review of the primary sources and propagation mechanisms of the gearbox oil
oxidative degradation and contaminants as well as their effects on the gearbox health
state have been presented. Theoretical analysis of the current state of art in lubricant
condition monitoring techniques has been summarized including a review on their
limitations.

2. Design of particle contaminants monitor system has been investigated, a prototype
system has been constructed utilizing Hall effect transducer and successfully
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characterized. Adaptation of a commercially available humidity sensor to quantify water
contamination has been presented including a discussion on sensing principle and its
signal conditioning. Theoretical description of a tuning fork resonator and its application
in lubricant condition monitoring has been provided for the oil viscosity, density and
temperature monitoring to quantify the oxidative degradation.

3. The experimental work has been discussed including a detailed description of the tests
set-up and the measurement results for the particle contaminants monitor system,
humidity sensor and oxidation monitor using a tuning fork resonator. The measurement
results have been compared against the established off-site laboratory techniques such as
spectroscopic analysis. This has validated the suitability of the chosen oil condition
monitoring methodology to accurately and precisely track the three primary contaminants
in a harsh gearbox environment.

4. Bayesian inferential technique called particle filtering has been applied for predicting the
remaining useful life (RUL) of oil based on empirically developed novel physics models,
which have been incorporated with the measurement data from a suite of oil condition
monitoring sensors. The accuracy of the predicted remaining useful life has been verified
using a set of industrial case simulations to test the accuracy and robustness of the
recursive particle filtering algorithms.

5. Based on an extensive literature search, this investigation is the first research work that
has systematically and methodically evaluated and summarized the effects of all the three
primary lubricant degradation and contaminants sources in a gearbox, including the
effects of concurrent contaminants. The overall assessment method has included a
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scheme for identifying damage thresholds for each contaminant and deriving the
corresponding condition rating based on the experimental data.

6. An accurate representation of the state of gearbox oil needs to consider several
parameters simultaneously in order to comprehensively characterize the lubricant
condition. The designed particle contaminants monitor system together with the humidity
sensor and the oxidative degradation monitor have facilitated the development of an online condition monitoring methodology capable of resolving the critical parameters while
remaining innocuous to the lubrication system.

7.2 Future Work
Following the successful investigation, development and validation of the lubricant
condition monitoring methodology for tracking oxidative degradation and contaminants such as
water and particle debris for gearbox application, there are still several topics that need to be
explored in the future. For instance, since the suitability of the recursive particle filtering
algorithms to accurately predict the lubricant’s remaining useful (RUL) have been demonstrated
using simulated data from an accelerated oil aging process, field test studies should be conducted
in order to assess the performance of particle filtering algorithms in a real vehicle environment.
Such on-board vehicle testing should be conducted over the course of an oil change, therefore
should involve typical drive patterns inclusive of both city and highway driving. The results
obtained can be compared against the findings from this study, which have been based on
simulated degradation and contaminants from an accelerated oil aging process.

181

In future, the multi-functional condition monitoring sensors implemented in this research
should be tested in other lubricant types such as in different gearbox oils, engine oil and
hydraulic fluids to check for susceptibility of the monitored parameters in the presence of
different oil types. Characterization in various oil types would also provide a more
comprehensive understanding of the sensors capability to accurately track the oxidative
degradation and contaminants such as water and particle debris in different lubricants. Such
results should also be compared with complementary laboratory techniques such as
spectroscopic analysis, total acid number (TAN) and Karl Fisher in order to establish close
correlation between the on-line sensors measurements and the off-line laboratory techniques in
various oil types.
The oil condition monitoring methodology presented in this research can also be applied
in other applications such as marine engines, aerospace and wind turbines. Potential further
research area can be to determine the adaptability of the multi-functional sensors to a wide array
of applications such as in diesel engines, gasoline engines, jet engine oils and off-shore wind
turbines. The research work would need to investigate whether the strength and significance of
the contaminants on the measured sensor data in these other applications correlate with the
results obtained in this research. Future studies should also involve the development of physics
models for on-line estimation of the evolving set of parameters by modeling the uncertainty of a
hypothesis using recursive particle filtering algorithms or other Bayesian estimation techniques
for the remaining useful life (RUL) prediction.
The challenge in implementing the above recommendations might be in keeping all other
factors not being tested constant. One potential solution might be the application of response
surface methodology, which although not necessary, could be used to evaluate the changes in
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lubricant properties for multiple oil types (e.g., gasoline fuels, engine oils, hydraulic oils, etc.).
There is also an increasing interest for new and different approaches that fulfill condition
monitoring requirements, while relying on simple, yet efficient solutions that can be analyzed to
provide insight into machine health conditions without exorbitant costs or the need to analyze
large volumes of data. This is driven by the need to minimize risk and maximize reliability,
while also taking into account practical considerations such as memory bandwidth,
computational and hardware efficiency in most vehicle applications.
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A.2 PATENTS AND DISCLOSURES
1. US 8,521,380 B2: Shift rail transmission position sensing with tolerance for sensor loss
2. US 8,521,376 B2: SHIFT RAIL TRANSMISSION POSITION SENSING.
3. US 9,389,115: Two-Wire Temperature and Fluid Level Limit Switch.
4. PDS No. 13-TRN-712: Gear Speed Sensor Debris Interference Prevention.
5. PDS No. 13-TRN-277: (Passive) Two-Wire Fluid Level Limit Switch with Temperature
Limit Switch Compensation for Fluid Viscosity.
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APPENDIX B
A PROCESS FLOWCHART FOR WATER CONTAMINATION CASE
STUDY SIMULATION MODEL
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APPENDIX C
A PROCESS FLOWCHART FOR OXIDATION CASE STUDY
SIMULATION MODEL

188

APPENDIX D
A PROCESS FLOWCHART FOR PARTICLE CONTAMINATION
CASE STUDY SIMULATION MODEL
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APPENDIX E
OFF-SITE LABORATORY TEST EQUIPMENTS
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